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Abstract
The work in this thesis studies some of the potential applications of machine learning in the
field of generative design. In particular it looks at how the design process can be automated
once sufficient data about the design space has been collected and machine learning used to
find the relationship between the design and its properties. The case study chosen for the work
is the design of chairs.
Preliminary work was done including the development of a parametric chair modelling program
(ChairMaker) that can produce a wide range of chair designs and a series of simulations,
including an automated ergonomic model, that were used to find fitness scores for desirable
chair properties.
New chair designs were then generated. Initially by using a well-established method; evolu-
tionary design, using decision trees trained on the simulation data as the fitness function. The
results were good, with many new viable chair designs produced. A new generative method
called the schema method was also developed. It extracts sets of constraints (called schemata)
directly from the decision trees and uses these to generate new chairs. The schema method
proved to be extremely efficient at finding viable chairs. Hundreds of diverse, original chairs
can be produced within a few seconds. The idea of visual similarity was explored by using the
schemata to measure the difference between two chairs. The results showed a remarkably high
correlation between the volunteers considering the subjective nature of the task.
The results demonstrate that it is possible to use simulated data and machine learning to
make design decisions in generative design. We have shown this through the use of an existing
algorithm and an original method. The new method is novel as it uses the learned knowledge
about the design space directly to generate designs rather than using a search algorithm.
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Introduction
The work in this thesis aims to build on previous work in the field of automated design. In
particular the use of machine learning to support the design process is investigated. This work
brings together ideas from many different fields to make a significant step in the automatic
design of a finished product.
The case study we use is the design of a chair. We choose chairs because the function is simple
and remains unchanged over time, allowing many different styles of chairs to be developed
to satisfy the same physical brief. In addition chairs have been considered a classic design
challenge throughout the 20th century [34] and as such have been the focus of many famous
architects and product designers.
The field of automated design is a topic of interest for multiple reasons: It allows the production
of a high number of designs. This is becoming increasingly useful as rapid advances in 3D
printing allow the production of unique items at a speed and cost that is projected to begin
to rival mass production [32]. Unique items can also be used to populate digital environments
such as games to avoid repetition that can prove distracting. This work contributes to this
aspect through the development of a new generative algorithm that is designed to produce a
large, diverse set of solutions.
Automated design can also be studied in association with other related fields, supporting or
complementing their research. It can produce insights about the design process that can support
the field of design cognition. It also overlaps with the field of computational creativity, as
design is a creative act. Our observations of consistency in the aesthetic judgements of humans
in chapter 5 could help support research in these fields. Consistency in visual similarity is
essential in aesthetic generative design, as without it, no basis exists for modelling aesthetics.
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Finally, automated design has the potential to produce superior designs to humans. A famous
example of this is the use of an evolutionary algorithm to design an antenna, with an actual
example used in NASA’s ST5 mission [49]. In this work however we are not aiming for a
superior or ‘best’ design as we are interested in the class of problems for which the idea of
‘best’ is not valid.
As well as work from the above fields we also draw on work from the fields of engineering infor-
matics (the use of data in engineering) and design theory. The work from design theory mainly
concerns the definition and use of styles. Medical research was also used in the development
of the simulations. In many cases the previous work we draw on is a simplified case study
or the final design produced can only be considered as a ‘sketch’. Other work pre-dates the
widespread use of 3D graphics and the researchers were unable to further develop their work
with the computing capabilities of the time.
This work culminates in a 3D CAD (computer aided design) model of a chair that clearly
represents a real product. Many of the designs at this stage could be used as models in a
digital environment. The designs are not developed enough to produce physical life sized models
capable of supporting a person, nor does the technology currently exist to automatically build
them. However, as they stand we believe they represent some of the most developed automated
designs of a complex product in the field.
Machine learning is used to find a design that fits a specific brief automatically. A brief will
contain the properties that the design has to possess. We are interested in the design problem
of a chair as there is no ‘perfect’ solution, here there is scope for a range of designs that will
satisfy the brief.
The design brief we will use for a chair is as follows:
• The chair must be appropriately sized to permit a user to sit upright at a suitable height
to eat/work at a table/desk.
• The chair must not be significantly larger than required.
• The chair must be sufficiently comfortable for the user.
• The chair must be stable enough to support the user.
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• The materials used must be realistic.
These are formalised later in the thesis in chapter 2 as the properties for our data sets. In
addition we are interested in having a stylistic element to our design brief, e.g. the chair fits
a particular style. This is much harder to define than the previous requirements as style is a
complex and subjective concept which is poorly understood. Nevertheless we begin to apply it
to the chairs through the definition of a measure of visual similarity in chapter 5.
Our first chapter describes the development of a parametric design tool for automatically cre-
ating chair models, referred to as the ChairMaker. The ChairMaker is used as the means of
visualising the chairs that are subsequently generated in the rest of the work. The chapter
includes a summary of real chairs and their influence on the parametric structure.
One concept that is used throughout this thesis is the idea of a ‘design space’. This refers
generally to the set of all possible chair designs. In this work it will also be used specifically to
refer to the multi-dimensional space that is described by the parameters used in the ChairMaker,
with each parameter set in the space creating a unique chair.
The second chapter concerns the collection of data sets regarding the properties of the chairs. In
particular we produce new ergonomic simulations that can quickly and automatically simulate
properties such as the comfort and practicality of any chair. The input to the simulations is
the same set of parameters that are used in the ChairMaker and the output is a set of values
that measure various properties of the chair. Other properties that are used later in the work
are also detailed here. The data sets described in this chapter are used as the training data for
machine learning methods in the rest of the work and we discuss our approach to learning the
data sets at the end of the chapter.
The third chapter describes the use of an evolutionary algorithm as the generative method for
our chairs. We used the data sets from the previous chapter to train random forests. These are
used as the fitness function in an algorithm that also uses our novel directed search method. The
resulting chairs maintain high diversity and satisfy the ergonomic properties of our design brief.
In this chapter we also give an overview of existing generative methods, including evolutionary
design.
The fourth chapter contains a new generative method developed for this work. This method
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uses trained decision trees to create design rules; we call these ‘schemata’. The rules are retro–
engineered from the trees directly and these are then used to isolate regions of the design
space that contain viable designs. The method is shown to be much more robust than the
evolutionary algorithms and the chairs produced have very high diversity.
The work in the previous chapters has developed a robust method for making any number
of chair designs. However the style or ‘look’ of a chair is very important in the design brief
and the variety of chairs produced in this work is (intentionally) diverse. In the final chapter
we consider what makes one chair visually similar to another. To do this we undertook an
experiment collecting opinions from a group of volunteers. From this we describe a measure of
similarity for our chairs. This enables us to generate new designs that are visually similar to
existing chairs.
The results demonstrate that it is possible to use simulated data and machine learning to make
design decisions in generative design. We have shown this through the use of an existing algo-
rithm as well as an original method. The new method is novel as it uses the learned knowledge
about the design space directly to generate designs rather than using a search algorithm. This
increases both the speed at which it can produce new designs and the diversity of the chairs.
The schemata the method uses can be considered as solutions to design problems and are easily
interpreted, producing rules such as ‘wooden legs need to be wide’ or ‘metal legs can be thin’.
The new method could be extended to other design tasks and data sets, requiring only a para-
metric representation of the object to be designed and data sets measuring desirable properties
of the object.
In addition to an original generative algorithm (the schema method) this work contributes to
the field of generative design by presenting an advanced, complex case study of some ideas
that were previously only tested on very simple models by other researchers. It also provides
new information on the notion of visual similarity, which is potentially valuable in the study of
style.
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Chapter 1
ChairMaker
This chapter describes the development of the parametric model used in this work, referred to
throughout as the ChairMaker. The ChairMaker was presented as a poster [82] at the Design
Computing and Cognition ’14 conference in London, along with a workshop presentation at the
preceding workshop: Parametric Design Thinking: Cognitive Models and Styles, Computational
Design Processes and Digital Tools.
1.1 Background of Automatic Modelling Methods
Early automatic 3D modelling was often done using basic primitives such as cuboids, pyramids
and spheres. Bentley [4] used ‘clipped stretched cuboids’ in his work on evolutionary design.
Using these forms he was able to create representations of objects such as coffee tables, heat
sinks and even vehicles. However the forms remained very angular and should be considered
as sketches of ideas rather than finished designs. Implicit surfaces have also been used as the
primitives in work by Jacob et al [55] and Nishino et al [76]. These primitives can create a wide
range of designs but often have blob or bubble like forms.
Primitives can also be taken from existing models and rearranged to create new variations
(as in the work of Kalogerakis et al [59]). This allows for much more complex forms than
could otherwise be possible in automated design. The challenge is to identify the equivalent
component in all the existing models and how they are connected to the whole. This can be
done manually but is very time consuming. Recently there has been considerable progress
20
Figure 1.1: Example of changing a parameter in the design of a simple house. The first house
is our basic design, the second house is the design with parameter ‘roof height’ increased. The
third house has the parameter ‘number of floors’ increased.
in automatically identifying equivalent parts, particularly in the work by Zheng et al [111].
However the work is limited by the existing models used. No new components are synthesised
and used in the current models.
Parametric generation is an alternative method where the basic model is defined but many of
the elements can be changed. For example in figure 1.1 we see how changing parameters such
as ‘roof height’ and ‘number of floors’ can change the model. Using parameters in design is
widespread in computer aided design. Parameters such as dimensions can easily be modified to
change a design. Many CAD packages will automatically update other parts of a model to fit
with the changed parameter. In architecture parametric design is becoming a discipline of its
own (described in books such as Parametric Design in Architecture by Wassim Jabi [54]), with
complex relationships between the parameters allowing for interesting new forms. These forms
can been seen at their most extreme in the designs of Zaha Hadid Architects (as shown in figure
1.2) and the work of Patrik Schumacher, who has named the emerging style Parametricism [88].
Outside of the style parametricism, we can use parametric design to fully describe a design
space. By design space we mean the set of all possible designs and in the case of parametric
design with N parameters this can be described as an N dimensional space. In automated
design parameters have been used to create new form in the work of Hsiao and Tsai [52] to
create new door handle designs as well as in our previous work in vase design [81].
The disadvantage of parametric design is that the success of changing parameters depends on
the robustness of the original model and the choice of parameters. A badly constructed model
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Figure 1.2: Nordpark Cable Railway by Zaha Hadid Architects in the Parametricism Style [89]
or unsuitable model will lead to potential conflicts and non-viable designs.
1.2 Aims of the ChairMaker
We choose to use a parametric model for our chairs, as it will allow us to create new forms,
rather than using existing models. It also allows us to study the effect of parameters on different
properties and therefore compare different styles of chairs. The challenge is creating a chair
model that will allow for a wide range of different styles from the same set of parameters, that
will be robust and will produce a chair from any combination. There will be non-viable designs
produced and the main body of this work will be isolating the areas of the design space that
contain viable designs. The set of parameters used in the model are described in section 1.6.
1.2.1 Observations of Existing Chairs
We aim to produce a system that is capable of producing a wide range of chairs from a single
set of parameters. To determine what these parameters should be and the range of chairs we
wish to aim for we began by studying existing forms for similarities and differences that we can
use. The existing chairs used were all designed by well known product designers and architects
and are still manufactured and widely used today. In addition we include some classic chairs
whose designers are consistently included in reviews of design history. Although the designer
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(a) (b) (c) (d)
Figure 1.3: Chairs in the Victoria and Albert Museum [96]. (a) Chair by Charles Rennie
Mackintosh (1900), (b) Armchair by Mackintosh (1917), (c) Dining Chair by Frank Lloyd
Wright (1902) and (d) Chair by Wright (1936)
label of these chairs makes them high end items, most are ubiquitous in our lives and can be
found in many everyday spaces such as shops, cafe´s, universities and offices.
We now discuss our observations and how these will be used in the ChairMaker program. In
particular we look for patterns that can be controlled with a continuous parameter and those
where parameters could be shared between different designs.
1.2.1.1 Leg Styles
There are many leg styles in the set of chairs including some of the chairs (particularly those
by the Eames’ and Jasper Morrison) having identical seats but varying legs. Repeated leg
styles include 4 separate legs, a cantilever, a central pedestal and a ‘loop’ on each side (seen in
1.4h and 1.4k). We also observe other styles such as the plastic cantilever of the Panton Chair
(1.4f), the 3 legs of the Frank Lloyd Wright Chair (1.3d) and the crossed legs of the Barcelona
Chair (1.6b). The pedestal bases have a range of ‘spokes’ from 1 (Tulip Chair) to 5. Finally
we observe that the legs often carry up above the seat to help support the back, and in some
cases they connect together at the top.
In addition to the overall leg forms, we also observe the use of both metal and wood and several
cross–sections; chiefly square and circular. Many of the legs had cross bracing between the legs,
this was either horizontal or crossed.
Three leg styles are used, to be chosen by a discrete parameter. These styles are 4 legs, cantilever
and a side loop. The 4 legs and the cantilever have the option of continuing up into the back
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(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j) (k) (l)
Figure 1.4: Chairs Manufactured by Vitra [102]. (a)-(c) Plastic Chairs by Charles and Ray
Eames (1950), (d) Lounge Chair by Eames (1956), (e) Aluminium Chair by Eames (1958),
(f) Panton by Verner Panton (Designed 1968, manufactured 1999), (g) .03 by Maarten Van
Severen (1998), (h) SIM by Jasper Morrison (1999), (i) Basel Chair by Morrison (2008), (j)-(l)
HAL by Morrison (2010-2014)
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(a) (b) (c) (d)
Figure 1.5: (a) Side Chair No. 14 by Thonet (1859) and (b) B32 by Marcel Bruer (1928)
both manufactured by Thonet [93]. (c) 3107 by Arne Jacobsen (1955) and (d) Swan Chair by
Jacobsen (1958) both Manufactured by Fritz Hansen [36].
(a) (b) (c) (d)
(e) (f) (g)
Figure 1.6: Chairs Manufactured by Knoll [61]. (a) Wassily Chair by Marcel Breuer (1925),
(b) Barcelona Chair by Ludwig Mies van de Rohe (1929), (c) Womb Chair by Eero Saarinen
(1948), (d) Executive Chair by Saarinen (1950), (e) Tulip Chair by Saarinen (1957), (f)-(g)
Diamond and Side Chair by Harry Bertoia (1952)
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and all 3 styles have a parameter that will allow the legs to be be joined together, either along
the floor at the side (side loop), at the top back (cantilever and 4 legs) and along the floor
at the back (cantilever). Separate parameters are used for cross–section, leg material and leg
width. Three cross–sections are used: square, circle and rectangle.
The three leg and crossed leg styles were not used as they are very unusual, however they
would be compatible with the rest of the model and could be added at a later date. The
plastic cantilever and pedestal base are not compatible with this model as they require unique
cross–sections or more parameters (such as number of spokes). At this time cross-bracing is
also excluded as it would require several new parameters and would be difficult to implement
consistently between the different leg styles.
1.2.1.2 Arm Styles
(a) (b)
Figure 1.7: Versions of case studies
1.4b and 1.5c
There is a wide range of arm styles shown in figures 1.4
- 1.6. These include arms formed from the seat (Eames
Lounge Chair - 1.4d and Swan Chair - 1.5d), separate
arms (Eames Aluminium Chair - 1.4e) and arms formed
from the legs (Mackintosh Armchair - 1.3b). Many of
the chairs shown have alternative versions with arms,
these include the Eames plastic chairs (1.4b) and the
3107 by Jacobsen (1.5c). The alternative versions are
shown in figure 1.7.
It was decided to exclude all arm styles in this version of the tool as the complexity and the
number of required parameters was too high. Although arms can be a major feature, many
chairs have versions without arms that still possess much of the same style and the function
remains the same.
1.2.1.3 Seat and Back Styles
With the exception of the Wassily chair (1.6a), all the seats are structural. That is, they would
keep their shape even if disconnected from the rest of the chair. The seats are also all formed of
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a single main component, with no slats or segments, although many have a separate upholstered
piece on top of the main structure. Some of the seats are separate from the back, but we also
observe many single seat–back forms.
The shape of the seats (as viewed from above) range from near circular to square. Their cross–
sections (excluding arms) are either flat or have a slight concave curve. Those with upholstery
can have a convex curve although this would be compressed when sat on. Materials include
plastic, wood, leather and fabric.
Unlike the seats, the backs can have multiple segments. These can be a series of horizontal or
vertical shapes. Most, however, feature a single panel, sometimes connected or even part of
the seat and sometimes suspended above the seat with a gap between the two. Similar shapes,
cross–sections and materials to the seat are observed in the backs.
To construct the seat and back a series of segments is used, with a maximum of 1 segment for
the seat and up to 10 segments for the back. This also allows the option of a single segment
for both the back and seat. The segments are made of 2 or 4 cross–sections that are lofted
together (see section 1.3.1 for definition), 2 cross–sections gives a blunt square shape, while
4 cross–sections gives a rounded shape. The number of segments and the degree of rounding
is controlled by a single parameter, with 2 segments selected when the rounding degree is 0.
There are 7 possible cross–sections (shown in figure 1.9), with the possibility of combining these
to create further options.
In addition to the segments there are 2 further parameters controlling the back: These are the
number of upright pieces and the gap between the seat and the first back segment. If the back
upright number is 1 or 3 then the middle upright is wider. If the number of uprights is 2 or
greater and the legs are of a type that can extend into the back then the outer 2 uprights are
replaced by the legs. This model is not able to produce forms where the back descended below
the level of the seat (as seen in the Mackintosh chairs).
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Figure 1.8: 3D shape lofted from 3 cross–sections
1.3 Development of the ChairMaker
1.3.1 Tools and Techniques
Sketchup1 was used as the Computer Aided Design (CAD) program to produce the chairs.
Sketchup is a free CAD program that actively encourages expansion by users in the form
of Ruby plugins. A CAD program such as this is designed for 3D modelling and therefore
allows for a wide range of shapes and construction methods. Of the many CAD packages
available Sketchup was chosen as plugins are an integral part of the program and there is
a large community of professionals and hobbyists writing them. Other packages have much
smaller communities (if they support plugins at all). In addition, the accompanying Google
Warehouse2 contains many of the chairs we are interested in. This indicates that it is possible
to create these forms in Sketchup.
Lofting is a CAD technique to produce complex 3D forms from a series of 2D cross–sections,
this method was used extensively in the chair maker. In particular it can create compound
curves (forms where the curvature is different in different directions). The majority of our case
study chairs have forms with compound curves.
To loft between two or more 2D cross–sections we first define the same number of points on
each cross–section. A curve is then defined using a single point from each cross–section. This is
repeated for each point, moving in the same direction around each cross–section. These curves
are then joined together to make the outside surfaces of the 3D shape. This process is shown
in figure 1.8.
Benefits of lofting include the ability to join shapes that are not aligned or facing the same
1www.sketchup.com
2http://sketchup.google.com/3dwarehouse/
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direction. Further control of the resulting form can also be achieved by the type of curve used to
join the points. In the example we use a 3 point arc but in the ChairMaker a cubic polynomial
spline was used. The tension of the spline is used as one of the parameters (number 32).
1.3.2 Parameters
From the methods discussed a full ChairMaker plugin for SketchUp was developed. This was
capable of consistently producing chairs from a set of 33 input parameters. These parameters
are divided into groups that determine form, proportion and texture and are listed in full in
section 1.6.
In figure 1.10 we see how form and proportion parameters are used to create the chairs. You
can see that most of the proportion parameters are maintained when the chair form changes
(such as the increased rounding value and number of back pieces for the lower seat). However,
the remaining proportion parameters and the form parameters are often affected by others.
For example the use of gap and seat weight are dependent on the number of back pieces being
greater than 0 and a seat rounding value less than 1 respectively.
Figure 1.9: The 7 seat cross–sections
Although only Back Rounding (10) and Seat Weight
(16) are labelled here, the equivalent values (Seat
Rounding (9) and Back Weight (17)) are applied in the
same way. The rounding values also control the depth
and cross–section of the end pieces. If the rounding
value is close to 1 the end pieces have the same cross–
section as the seat or back but as the value is reduced
the end pieces are combined with a rectangular cross–
section to create a smoothly rounded edge.
All of the examples shown use the arc for the main cross–sections. Other cross–sections used
by the program are shown in figure 1.9. All the cross–sections have 38 vertices that are used
during the lofting process. Equivalent vertices of two cross–sections can also be averaged to
find a hybrid shape.
Further form parameters are used to create the wide range of back types we see. In figure 1.11
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(a) (b)
(c) (d)
Figure 1.10: Chair construction from parameters, cross–sections are shown in red
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(a) (b) (c)
Figure 1.11: Effect of Back Parameters. From (a) to (b), increase Gap (21) and Vertical
Supports (11) (the number of back uprights). From (b) to (c), set Connections (31) to true
and increase Vertical Supports (11)
we can see how just a few parameters can be used to change the shape from a modern form to
something more traditional.
One of the most important discrete parameters is the Leg Type. Here 3 leg types have been
fully defined and there is no way to combine them. To reduce the impact of changing this
parameter we ensure that other parameters that affect the legs (such as cross-section, colour
etc.) have a similar effect on each type. Some of the main leg parameters are shown in figure
1.12. Changing the colour or cross–section of the legs is not shown but the effect on each type
is consistent.
1.4 Chairs made by the ChairMaker
In figure 1.13 we show a set of chairs where the parameter values have been manually chosen to
mimic some of our case study chairs, along with the other handmade examples in this chapter
(such as in figure 1.12) we know that the ChairMaker design space contains a wide variety of
viable designs.
However, in figure 1.14 we also present a selection of randomly generated chairs. Here the
parameter values have been randomly selected from a set range. As we can see, all the chairs
have a seat, back and legs and some would support a person. However most would be impractical
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(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j) (k) (l)
Figure 1.12: Effect of leg parameters on each Leg Type (26). From left to right the columns
show the reference chair, increasing the Leg Join (27), increasing the Curve variable (32) and
setting Connections (31) to true.
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(a) (b) (c) (d) (e)
Figure 1.13: Chairs with parameters chosen to produce facsimiles of case studies 1.3a, 1.4j,
1.4k, 1.4l and 1.5c
(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j) (k) (l)
Figure 1.14: Chairs with randomly chosen parameter values
33
or uncomfortable and appear rather strange to the viewer. Further observations of the random
output of the ChairMaker suggest that the viable subspace of the ChairMaker design space is
small and the probability of finding a viable chair through random generation is low.
1.5 Future Developments
During development of the ChairMaker there were several further ideas that remained unused
due to time limits and their limited value for the following work. However if the ChairMaker
was to be developed further as a standalone program they could be implemented; some of these
are described in this section.
1.5.1 Additional Parameters
Figure 1.15: Potential leg forms
There were several parameters implemented that
weren’t retained in the final version, however they
could be included in future versions to create more
realistic chairs. Amongst these were parameters
that gave the legs variable cross–sectional sizes or
additional curves in the legs. This could create
effects such as those shown in figure 1.15. These
were left out of the final version as they didn’t
translate well to some of the leg types and it was
observed that certain combinations of parameter
variables would create odd balloon like legs that
early testers found very ugly.
Parameters were also included to create a lip at the front of the seat or the top of the back.
However these proved to be difficult to combine with other parameters such as rounding or
back pieces.
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(a) (b) (c) (d)
(e) (f) (g)
Figure 1.16: Legs on a 2x2x2 grid
1.5.2 Missing Chair Types
There were several features that were observed in the case studies that we would like to include
in further development of the ChairMaker. These include arms, leg cross–bracing and the
pedestal type chair. These were not included due to the technical difficulties. However all of
these commonly feature in chair designs and their absence leaves gaps in our design space.
The ChairMaker was designed with only a small number of discrete parameters. The main
discrete parameters that remain in the final version are the choice of cross–sections from a
predefined set, choice of textures from a predefined set and the leg type. The connections
between the legs is also discrete, either there are connections or there are none.
The texture parameters could be made continuous if the hue and saturation could be controlled
from within the ChairMaker. This would give a much wider range of colours and continuous
parameters. The range of materials would be much more difficult to make continuous as there is
no continuum between (for example) metal and wood. Further work on material properties (e.g.
material hardness) could give us a continuum, with the material texture selected automatically
once a property passed a certain threshold.
35
1.5.3 Removing Discrete Parameters
The leg type and connections are the most difficult to convert to a continuous variable and still
maintain their diversity. One possible method is to use a grammar, similar to the one seen in
Lau et al [65], in their work on grammars for flat pack furniture. An initial trial was carried
out to test the generative potential of a grammar for chairs. Details of the grammar are given
in appendix A.
Figure 1.17: Back and arms produced
using the grid system
The chairs developed with this grammar always begin
with one of the 3 original leg types or a central pedestal
and only the details were changed by the grammar.
However it shows that chair forms can be made by a
simple grammar and it could be extended to having
free reign over all pieces. It is suggested that a 2x2x2
grid (with proportions controlled by existing parame-
ters) could provide a wide range of leg types. In figure
1.16 we see our 3 leg types represented in this grid (a, b
and c). We can also see that the grid allows for connec-
tions between the legs to be made (d) and other details
such as cross bracing can be included (e). We are also
able to produce a basic pedestal style chair (f) and even
a 3 legged chair (g) similar to the Frank Lloyd Wright
chair in our case studies (figure 1.3d). This grid could
also be extended to continue the legs into the back (as
in our current leg types), or produce arms as shown in figure 1.17. Even more styles could be
produced if we allowed diagonal pieces, allowing crossed legs as in the Barcelona Chair (1.6b).
Although this grid method could produce a wide range of designs there are challenges that
have not been resolved, including how we represent the grammar rules to be compatible with
the parameters used in the rest of the chair. Additionally there is currently no provision for
deciding the direction of the lofted pieces or ensuring that the chair would be structural.
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1.6 Parameters used in the ChairMaker
The tables in this section list all of the parameters used in the final version of the ChairMaker
along with a brief description of their physical effect. The numbering corresponds to the
numbering used within the ChairMaker program.
Table 1.1: ChairMaker Proportion Parameters
No. Name Notes
1 Seat Height Height is to the back of the seat, Seat Recline will change the height
of the front when it is non–zero
2 Seat Length Length of the seat in the direction of Seat Recline.
3 Back Recline Angle of back away from vertical
4 Back Height The length of the back in the direction of Back Recline
5 Seat Recline Angle of Seat away from horizontal
6 Seat Width Width of the seat cross–section
7 Back Width Width of the top of the back, actual back cross–section widths may
be altered by the Corner Width
8 Corner Width Width of the corner cross–section if the seat and back are in 1 piece
(number of back pieces is 0). Otherwise this is the width of the base
of the back and the back of the seat.
18 Seat Depth Depth of the seat cross–section
19 Corner Depth Depth of the corner piece, only used if the seat and back are in 1
piece
20 Back Depth Depth of the back cross–sections
21 Gap Size of gap between seat and back, only used if the seat and back
are separate
29 Leg Width Scale of the leg cross–sections
30 Base Size Ratio of the leg positions on the floor to the Seat Length and Width
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Table 1.2: ChairMaker Form Parameters
No. Name Notes
9 Seat Rounding When set to 1 the seat is constructed with only 1 cross–section at
each end. When set to less than 1 the seat has 2 pieces at each end
and the outermost piece is reduced by the Seat Rounding value
10 Back Rounding As Seat Rounding for all back pieces
11 Vertical Support Number of uprights between the back and seat. If this value is
greater than 1 and the leg type is suitable the legs extend upwards,
becoming 2 of the verticals.
12 Seat Shape Choice of predefined cross–section, combined with the unifying shape
to make the seat cross–section
13 Corner Shape Choice of predefined cross–section, combined with the unifying shape
to make the corner or back of the seat cross–section
14 Unifying Shape Choice of predefined cross–section used to ‘even out’ the change be-
tween cross–sections
15 Back Shape Choice of predefined cross–section, combined with the unifying shape
to make all the back cross–sections
16 Seat Weight Distance away from the middle of the innermost cross–sections, used
only when Seat Rounding is less than 1.
17 Back Weight As Seat Weight, used in each back piece
22 Back Pieces Number of horizontal pieces in the full back length. When this value
is 0 the seat and back are combined
25 Seat Lip Used to change the angle of the front piece of the seat.
26 Leg Type Switches between the 3 predefined leg types
27 Leg Join Distance between the seat sides and the top of the legs
28 Leg Shape Leg cross–sections
31 Connections Creates joined up legs. The location of the join changes with Leg
Type
32 Curve Makes the Lofting between the cross–sections more curvy. The
cross–sections are also moved to ensure the overall form has the
same proportions.
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Table 1.3: ChairMaker Texture Parameters
No. Name Notes
23 Seat Texture Choice of texture for seat from predefined set shown in appendix C.1
24 Back Texture Choice of predefined texture for back, not used if seat and back are
combined
33 Leg Texture Choice of predefined texture for legs
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Chapter 2
Simulations of Chair Properties
Motivation
The ChairMaker ensures that a chair has legs, a seat and a back but it produces a high number
of non–viable chairs. By non–viable we mean those that cannot be used for the intended
purpose, for example where the seat would be uncomfortable, the chair would not stand up or
sitting in the chair would be impractical. This could be achieved using hard constraints, e.g.
the seat would always be a specific size and shape, resulting in a comfortable seat, however we
want to find the viable chairs without unnecessarily reducing the design space. For example we
see in figure 2.1 that our space contains high-back chairs with 3 uprights and low-back chairs
with 2 uprights. Both of these are valuable designs but by allowing both of these our space
also contains high-back chairs with 2 uprights which could not be used to lean against the back
when seated.
Although it would be possible to assess the chairs manually using either visual assessment of
an image or even physical assessment of an assembled model, this would obviously be time
consuming. As the proportion of viable chairs in the design space is comparatively low we
would have to test a high number to find a suitable design. We therefore require automatic
testing to find viable chairs.
The main properties that we simulated are connected to the ergonomics of the chair: whether
the chair is suitable for use. We also produced simulations corresponding to the stability of the
chair as well as the difficulty to manufacture the chair, as well as the aesthetics.
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Figure 2.1: Chairs with only the back height and back verticals changing. We see that the last
chair offers no back support, although its defining features (2 back verticals and high back) are
used successfully in the other chairs.
2.1 Ergonomics Background
2.1.1 Ergonomics and Anthropometry
2.1.1.1 Uses of Ergonomics and Anthropometry
Anthropometry1 is often used in the field of ergonomics2 to design tools and furniture that
‘fit’ a wide range of people and allow them to work comfortably and efficiently. Our subject,
the design of chairs, is of particular interest as a significant proportion of people spend their
working lives sitting, whether it is in an office or in a vehicle. The design of a chair for these
purposes can have a significant impact on both the user’s work efficiency, and more importantly,
their health [75]. Another motivation for the study of anthropometry for chair design is the
comfort of wheelchair users [45], where a well designed chair can have a significant impact on
the quality of life of the individual.
In addition to other factors, such as how intuitive a control is to use, ergonomics uses anthro-
pometric data sets of physical measurements (such as size, weight, reach) taken from a sample
1‘The comparative study of sizes and proportions of the human body ’ -
http://www.collinsdictionary.com/dictionary/english/anthropometric
2‘The study of the relationship between workers and their environment, esp the equipment they use’
http://www.collinsdictionary.com/dictionary/english/ergonomics
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set of individuals, to allow a designer to predict how a user will interact with a design and
whether such an interaction is within a comfortable range of motion of the human body. For
example, data on arm length and motion can be used to predict if a user will be able to reach a
control (in a car for example) and whether such a reach would take a lot of effort. If the control
is difficult to reach but often required, repeated use could cause pain or even be dangerous in
the case of an emergency.
2.1.1.2 Sources of Anthropometric Data
Often the datasets used in ergonomics and anthropometry have been collected for a particular
purpose, and this will affect the sample set and the type of measures taken. One motivation for
collecting data is public health [9], which contains a large number of samples but limited detail.
Another is the efficient or comfortable use of tools, where factors such as limb reach, motion
and grip are required. These sets will usually only contain data from possible users (e.g. adults
for car interior design). Other data sets are collected for very specific purposes, for example
NASA [74] uses anthropometric data in its design standards which includes factors such as
foothold flexibility in zero gravity which would not be required in any day to day applications.
The anthropometric data itself comes from a variety of sources, the main one being the simple
measurement of volunteers using basic equipment such as tapes and rulers. The same measure-
ments are taken from every volunteer, seated or standing in the same position, then the mean
and standard deviation are taken for each measure. More sophisticated 3D measuring tools
such as 3D scanners are also being introduced [8].
Another method of collecting data is from analysis of cadavers. This allows the measurement of
factors that may be difficult or impossible while a person is alive, such as the mass of individual
limbs [21]. Information about internal structure (such as the skeleton size) can also be found.
However there are drawbacks to such a method. For instance, the sample set is likely to be
small as there is a limit on the number of bodies donated for scientific research. Another issue
is the changes to the body that result from the death of the individual.
A recent addition to data collecting methods is the use of MRI or CT machines. These collect
information about the inside of the human body while it is alive. They can also be used to see
how different positions can change the measures [71], although there is a limit to the range of
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movement inside the machine.
Access to the data varies according to the source. Governmental data, such as that from NASA
and public health bodies is free to access and use. Likewise academic data, such as the DINED
data set from TU Delft [27] is freely accessible. Other data sets, collected by a company for
the design of their products or collected using an expensive method (such as the 3D scans [8])
are usually paid for, if they are accessible at all.
2.1.2 Overview of Previous Relevant Ergonomic Research
2.1.2.1 Comfort
Measuring comfort in chairs is done in two ways. The first is subjective and requires the use
of questionnaires to get testers to rate statements such as ‘I feel completely relaxed’ to ‘I feel
unbearable pain’ [31]. This is often done whilst the tester is doing the sort of tasks expected
(such as working at a computer). For practical reasons the test periods may be quite short,
Openshaw [78] used periods of 60 minutes per test. However Wachsler and Learner [103] did a
study of the comfort of pilot and flight seats that suggested that the overall comfort of a seat
can be reasonably predicted within the first 5 minutes of sitting.
The second method is objective and requires the use of sensors to detect potential problems.
The most common of these is the use of a flexible grid of pressure sensors [63] to find points
of high pressure, mean pressure and overall seat contact area. Openshaw [78] showed that
these objective measures are highly correlated to each other and it is possible to predict the
subjective comfort from these objective measures using neural networks.
2.1.2.2 Anthropometric Models
There are many existing ergonomic simulation models available, most of which are commercially
developed and licensed, such as Tecnomatix Jack from PLM Siemens3 and 3D Human Model4.
These are built to be used within a CAD package to enable designers to test potential designs.
3https://www.plm.automation.siemens.com/en gb/products/tecnomatix/manufacturing-simulation
4http://www.3dhumanmodel.com
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These range from set models from a specific data set (e.g. 5th percentile male, 50th percentile
female etc) to fully customisable figures where a data set can be chosen and the parameters of the
model selected. The use of the models also varies. Some models come in set positions (sit, stand
etc) and are just added to a CAD design to enable the designer to get visual feedback about
a potential user. Others are fully positionable and can even simulate tasks. These models also
give more extensive feedback such as stress on joints and cones of vision. The more advanced
models, that can provide useful feedback, are commercially licensed and consequentially there
is little literature available on the techniques used to simulate the interaction of a user with a
product.
2.1.2.3 Seat Pressure
As our concern is chair design we will be interested in the pressures at the interface between
the seat and the user. One of the reasons that pressure is a concern is that it is an indicator
of the comfort of the buttocks. This has been an active area of research due to the importance
of good chair design and many simulations have been developed. The most popular method
to simulate this pressure is the finite element method, with an early model build by Todd and
Thacker [94] and subsequent models built by Wagnac et al [104], Grujicic et al [43] and Zhu
et al [112], among others. Models of this type have been shown to be able to approximate
the range and distribution of the interface pressures as well as the pressures inside the body.
In particular they are good at showing the effect of the skeletal structure inside the body on
the surface pressure if this is modelled. However the drawback to these methods is the length
of time taken to simulate a single chair and user. For example the simulations by Grujicic et
al took 30 minutes to run, even allowing for the increase in potential computing speed since
2009 this was unacceptably long for our purposes. The model given below has a run time of
approximately 3.2 seconds for an equivalent chair and user.
Existing maps from measurements found in the literature are often related to the study of
pressure sores in long term seated positions, such as in the case of wheelchair users. Here they
assume a high base level of ergonomic comfort (such as contoured seats and padding) and the
concern is the location of higher than average pressures as these are likely to cause pressure
sores [77]. An example of a map given in the literature here is shown in figure 2.2 in a figure
from Gutierrez et al [45].
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Figure 2.2: Pressure maps from experiments undertaken by Gutierrez et al[45]. SCI stands for
spinal cord injury.
There are also extensive pressure maps relating to the design of office chairs (as in figure 2.3
which shows a map given on the Herman Miller office chair website5). In this case the pressure
maps are often displayed alongside alternative products without a scale to demonstrate the
advantages of the product to be sold.
Due to the nature of the existing literature it is difficult to find comprehensive comparisons
for our model. Even in the cases where we have a scale to the pressure map and information
regarding the height and weight of the tester, we do not have detailed information about the
shape of the seat. However, to ensure that our model is within a realistic range we use the
following cases for comparison: Brienza et al [7] undertook experiments on an 15x15 grid sensor.
Their test subjects were a mix of male and female wheelchair users over the age of 65, who
weighed between 36.4–106.4 kg. Experiments were done on three foam cushions; flat, contoured
and optimised. Peak pressure ranges for the three cushions were 10.8–26.67 kPa, 8.27–16.67 kPa
and 3.93–26.67 kPa respectively, although the maximum pressures may have been higher as the
sensor mat could not record over 26.67 kPa. In later work Wagnac et al [104] simulated peak
pressures of 23.6 kPa for a flat cushion and 16.5 kPa for a contoured cushion. This correlated
with their measured pressures as shown in figure 2.4. Their data was for a healthy male tester
5http://www.hermanmiller.com/research/solution-essays/the-art-and-science-of-pressure-distribution.html
45
Figure 2.3: Examples of good (left) and bad (right) pressure maps given by Herman Miller
aged 24 years, 75 kg and 180 cm. In Zhu [112] a finite element method is used to simulate the
pressure on a 540×540 mm flat seat cushion of thickness 60 mm. The peak pressure of the
figure in a vertical position was 38.72 kPa.
Figure 2.4: Pressure map from experimental data (left) and finite element method (right) from
Wagnac et al [104]
2.2 Ergonomic Simulations
To test the ergonomics of possible chair designs it was decided that an automatic modeller
was required. This would need to provide relative values for comfort and practicality so that
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non-viable chairs could be removed from the design space. Although similar models exist, a
modelling program was built for this project for several reasons. First, the user needed to be
positioned automatically in any possible chair. Many of the existing models rely on manual
positioning and would not be suitable for our high volume data collection. Second, the comfort
and practicality measures were required for each chair. Many commercial models are just digital
dolls and give no feedback on the suitability of a chair. Those that do were too complex for
our needs with a wide range of feedback that was not required such as task simulation and
vision zones. Third, most of the more sophisticated models are not available for free and can
be very expensive (as they are designed for commercial use). Building a simulation for this
work allowed collection of the data required in a lightweight model, suitable for high volume
simulation.
Simulations of objective measures of comfort are used. The first measures are the maximum
pressure values between body and chair. As described in the previous section this is widely
used as a measure of comfort and can be simulated. In addition we find a value of the curvature
of the spine as poor posture is bad for the spine [75].
However, on their own the comfort measures are not sufficient. As our chairs can be reclined
and both the back and seat extended, the program is capable of producing a bed. This would
score highly on our comfort measures. To counteract this we introduce practicality measures.
To be practical, a chair must be easy to get in and out of, and it should allow the user to
perform tasks while seated. To measure how easy a chair is to get into we find the distance
from the feet to the floor. Performing tasks has two requirements; forward facing eyes to view
the task, and hands at desk height in a comfortable position to work (upper arms vertical and
lower arms horizontal, level with the desk is recommended in [75]). We therefore measure the
difference of these angles from the optimum. There are also size considerations for the chair, a
dining chair will not want any excess width or depth as they are designed to be used in close
proximity to each other.
2.2.1 Generating Test Subjects
It was decided that a range of test models was needed to test the chairs. This was due to work
by MP Reed et al [80], reported by Herman Miller [48] which concluded that seat pressure can
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depend on height and build as well as just weight. For example, a thin, tall person may be the
same weight as a short, stocky person but as they have less fat the pressure at contact will be
higher.
The ergonomic data used to build the model was from TU Delft’s DINED anthropometric
database [27] (unless otherwise stated). This is an online resource that provides easy access to
several anthropometric data sets, including the one taken by DINED researchers in the Geron
project [28] of Dutch adults. This was the set used in the model. The data was given in 6
groups; ages 20-30, 31-60 and 60+ separated by male and female. Although a mean of all
these groups was given it was decided that the groups would be kept separate as males and
females have different distributions of body fat and this could affect the pressure maps. For each
measurement and group a mean and a standard deviation value was taken from the database.
A new person was generated by randomly selecting an age, gender, and primary height and
weight factors. The height and weight factors were given by two Gaussian random values with
mean 0 and standard deviation 1. Then for each measurement a new value was found using
the relevant primary factor as a guide. For example, if we were to generate a female in her 20s
with height factor (Fh) 0.5 and weight factor (Fw) 1.0 we would find her seated shoulder height
as shown in equation (2.1). The shoulder height factor (Fs) is another Gaussian distributed
value with mean 0 and sd 1 used so that individual test subjects have different proportions,
for our example we use value -0.8. The weight factor is not used as shoulder height will mostly
indicate the overall height of an individual and not their weight.
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Ms = 582mm (mean shoulder height of 20-30 years female)
Ss = 29mm (standard deviation of shoulder height of 20-30 years female)
Fh = 0.5
Fw = 1.0
Fs = −0.8
Shoulder Height = Ms + (0.9 ∗ Fh + 0.1 ∗ Fs) ∗ Ss
= 582 + (0.9 ∗ 0.5 + 0.1 ∗ (−0.8)) ∗ 29
= 582 + 0.37 ∗ 29
≈ 593mm
(2.1)
Some measurements were calculated slightly differently, for example if they contained elements
of both height and weight. A full list of DINED measurements used and the method of calculat-
ing the equivalent value used in the model is given in appendix B. The individual measurements
found this way could then be used to find the variables required by the model.
2.2.2 Skeleton Modelling
The ergonomic modeller uses a simple skeleton model with 6 main joints; centre of the skull,
neck, central spine, hip, knee and foot. Three additional joints were used in the arms; shoulder,
elbow and wrists. The distances between these joints were found using the anthropometric
measurements found using the DINED data. Since these measurements are taken from the
outside of a person, many of the skeleton dimensions had to be inferred from several of the
values.
We give as an example, the calculation of the size of the knee joint and the length between
the knee and foot. These are calculated from the anthropometric values popliteal (back of the
knee) height, buttock-knee depth and popliteal depth. As shown in figure 2.5, we assume that
the knee is circular and that the joint is positioned in the middle. The relevant distances are
then found as shown in equation (2.2):
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Figure 2.5: How Rk and Lll can be found from anthropometric data.
Hp = popliteal height - known
Dp = popliteal depth - known
Dk = knee depth - known
Rk = knee radius - to be found
Lll = lower leg dimension - to be found
Dk = Lul +Rk
Dp = Lul −Rk
⇒
Rk = (Dk −Dp)/2
and
Hp = Lll −Rk
⇒
Lll = Hp + (Dk −Dp)/2
(2.2)
Other assumptions are made, such as in the calculation of the chest depth. In this it was
assumed that the majority of the increased circumference (the dimension given in the data set)
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Figure 2.6: Examples of skeleton models
would be on the front and sides of the body and we are only interested in the depth between the
centre and back. In this case we assume that the circumference of the ribcage is the minimum
possible, e.g. mean− 3 ∗ sd. This was also allowed for in the calculation of the anthropometric
values. A full list of the methods used to find the dimensions and the assumptions required are
included in appendix B.
This gives us a skeleton model with additional body proportions as shown in figure 2.6. We
will refer to the body length dimensions as (head to toe) neck length (Ln), torso length (Lt),
upper leg length (Lul) and lower leg length (Lll). The joint radii will be referred to as head
radius (Rhd), shoulder radius (Rs), hip radius (Rhp), knee radius (Rk) and foot radius (Rf ).
Additional proportions include the padding (P ), which is the thickness of the layer of tissue
around the hip, total mass of the test model and the centre of mass of each limb, which used
data from [105].
2.2.3 Positioning the Skeleton
The next task was to seat the skeleton in the chair. This needed to be as natural as possible
within the bounds of the simplified model, as all the later calculations would be based on the
position of the skeleton. This was calculated in the x-z plane with the assumption that the
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skeleton was positioned symmetrically.
2.2.3.1 The Chair
To position the skeleton we require a simplified model of the chair; two lines in the x-z plane.
The first represents the seat and is set between (0,0,seat height) and (seat end x,0,seat end z+seat
height), where seat height is parameter 1 and seat end x and seat end z are found using the
seat length and seat recline parameters (2 and 5 respectively). The second line is the back and
is between (0,0,seat height) and (back end x,0,back end z+seat height), with the back variables
similarly calculated from parameters 3 and 4. In addition a line at height 0mm was used as
the floor and another at height 750mm to represent a desk or table.
2.2.3.2 Hip Placement
The first point positioned was the hip joint. Since there are many ways to sit in a chair, it was
decided that the hip joint position would be fixed near the back of the chair to ensure all the
chairs would be tested in the same manner. Therefore the chairs are always tested with the
test skeletons fully seated and not ‘perched’ on the edge of the chair.
The point at a distance of Rhp from both the seat line and back line was found. This point
was then moved forward by P to account for the tissue layer covering the hip. Padding was
not added between the seat line and the hip as it was assumed that this layer was compressed
or moved out from under the hip. The remaining tissue thickness was included in Rhp.
2.2.3.3 Leg Placement
The method used to position the legs was to minimise the height of the centre of mass of the
two sections. A range of 100 positions for the upper leg was found from when the knee was
tangent to the seat line to a position at an angle of 1
2
pi from the back line. Similarly a range
of 100 lower leg positions was found from 0 (straight leg) to 3
4
pi (leg bent). A matrix of size
100×100 was found where element (n,m) contained the centre of mass of the entire limb with
the upper leg in position n and lower leg in position m. Two other matrices with the positions
of the knee and foot at the relevant angles were also found
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Figure 2.7: Position of legs as the seat length increases
The next stage of calculation was to find the positions that could not exist, e.g. those where
the legs passed through the seat or floor. As the minimum angle of the upper leg was when
the seat was tangent to the knee and hip it was assumed that the upper leg would not pass
through the seat or floor and so it was sufficient to test the lower leg.
To check for intersections between the floor and the lower leg, the z value of the foot position
was considered. If the z value was less than Rf then the foot would be passing through the floor.
The elements in the centre of mass matrix where this was the case were removed by setting
the element to NaN (‘Not-a-Number’ in Matlab, NaN elements are ignored when applying
functions such as max and min).
For intersections between the lower leg and the seat we first find a line tangent to the circles
representing the knee and foot. This will be the back of the leg in our model. We then ensure
that the seat front does not intersect this line. We found the point of intersection using the
line-line intersection method from Wolfram6 and then tested to see if the x value of the point
of intersection was smaller than the end of the chair.
After removal of the impossible positions the minimum of the heights of the remaining centre
of mass points was found. This was the position used in our model. This produced quite a
natural movement of the legs; while the seat was shorter than the underside of the legs, the
legs either rest on the floor or, if the chair is too high, dangle vertically. However as the seat
gets longer, the knees are raised to allow the feet to drop slightly. Eventually, when the chair
approaches the sum of the lengths of the lower and upper leg, the leg straightens out and rests
6http://mathworld.wolfram.com/Line-LineIntersection.html
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full on the seat. This is shown in figure 2.7.
The final height of the feet from floor level is recorded as the first of our practicality measures.
2.2.3.4 Back and Head Placement
The back and head positions were found in a similar way to the leg method, this time minimising
the effort required to keep the body in position. There are also 3 joints to consider; the hip,
shoulder and neck, creating a 3 dimensional matrix of points.
First the range of motion of all the joints was found. The range of the hip joint was between
the angle of the back and an angle of 1
4
pi leaning forward. Due to the length of the torso, 500
points were taken in this range to ensure a small spacing of possible positions of the shoulder
joint. The shoulder range was between 1
4
pi forwards and 1
8
pi backwards with 100 points and
the neck range was 1
8
pi forwards and 1
4
pi backwards with 50 points. These angles were chosen
as estimated range of motion limits, only the neck range was taken from a data source (the
DINED dataset [27]). It was assumed that positions at the extremes of the range of motion
would be more uncomfortable, therefore the range estimates were chosen to be smaller than the
potential full range. As with the back these were used to construct matrices of the positions
of the joints for every angle in the range. Three matrices of effort values were created, one for
each joint.
After the posture is finalised the angle between the eyes and the horizontal is measured as one
of the practicality traits. We assume the eye line is perpendicular to the neck.
Joint Effort In this model the joint effort used to position the back and neck is not directly
related to a real force, it is based on observations on how people sit in response to real forces
acting on them. Examples of the skeletons sitting are given in figure 2.12.
Two main factors were identified that could change the effort value. The first was the force due
to gravity. It was assumed that when the centre of mass of an object was directly above the
joint then all the force was travelling down the spine and this would not cause twisting of the
joint. However, if the centre of mass was moved away from the vertical then part of the force
down would cause the body to pivot around the joint and muscles would have to compensate
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Figure 2.8: The potential effort values for the shoulders at two set head angles. The two lines
are caused by the pivot force minimum when the back is vertical and the muscle force minimum
at its resting position. How these lines intersect creates the minimum value
for this force to prevent the body slumping over, therefore increasing the effort. The second
factor was the use of the seat back to prevent pivoting, e.g. if you are leaning against a backrest
then it is the back and not your muscles that are preventing you from pivoting further. To
model this, we found the points where the back or head was within a tolerance value of the
back line and made the relevant joint effort 0 at those points. Details of the calculation used
to find proximity to the back is given in the spine section below.
To produce a slight hunch when seated a muscle is modelled along the back of the shoulder
joint. The resting position of this muscle is in a slouch position. When the skeleton is hunched
further the effort of this muscle is increased according to Hooke’s law (F = kx [39]). Similarly
the effort is also increased as the back straightens to vertical. A balance is therefore found
between the muscle’s resting position and the vertical spine, creating a slouch. How these
factors interact can be seen in figure 2.8.
As with the legs, positions where the body passes through the back of the chair were removed.
The calculation of these positions is found in the spine section. We find the minimum effort
and set this as our position.
Spine One way the back is more complex than the legs is the spine. While the legs can be
modelled as straight bones whatever their position, the back changes shape as it flexes. It
was decided that modelling all 33 vertebrae and their ranges of motion was too complex for
the purposes of this model. Instead the flex of the spine was modelled by a single join in the
shoulders. However as the spine is close to the surface of the back and creates the profile in
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Figure 2.9: Spine shape in vertical and leaning positions. Graphics from Visible Body Muscle
Premium [101]
contact with the chair an approximation of its shape is required. By profile we refer to the
external shape visible from our side view.
The human spine has 5 regions; cervical, thoracic, lumbar, sacrum and coccygeal [30]. However
as the sacrum and coccygeal vertebrae are within the profile of the hip bone we do not need
to model them here. In figure 2.9 we see that in the vertical position the cervical and lumbar
regions have a concave curvature and the thoracic region has a convex curvature. However in
the slouched posture the lumbar region becomes straight or even convex. Based on these obser-
vations we use the existing hip and shoulder radii as the sacral and cervical regions respectively
and introduce a new curve to represent the variable lumbar spine. As this is the only part
modelled separately we will refer to it as the spine.
For simplicity we model the spine as an arc of a circle. A circle can be defined using three
points. We select the first point where the spine meets the hip, taken as a point on the hip
radius at angle 1
4
pi from the skeleton’s back angle. The other two points are on the shoulder
radius with a position determined by the position of the neck joint and another perpendicular
to the line between that point and the shoulder joint. This definition creates the shape that
we desire, when the skeleton is slouched it produces an outward curve of the spine and when it
is vertical (or resting straight against the back) it has an inward curve.
This additional curve creates new positions which would be impossible due to intersections
between the body and chair. These are found and removed from the potential positions. It also
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creates new points where the weight is supported by the seat back and these also need to be
found. For the cases where the back curves out we find the minimum distance between the seat
back line and the centre of the circle of the spine arc (using a method from Wolfram7). If this
distance is less than the radius of the spine curve and the closest point on the back line is not
outside the bounds of the back, then we set the effort points to NaN . Similarly we can find
those points where the radius is the same as the distance (± a tolerance) and set their effort
value to 0. When the back curves in the seat back will only come into contact with the spine if
the seat back is not long enough to reach the shoulders. Leaning backwards into such a short
back did not appear to be a natural position and no values are set to 0 in this case. However
we still test for intersections and remove the effort values accordingly.
The inverse of the radius of the spine arc was used as a measure of the curvature of the spine.
This is our first comfort measure.
Resulting Behaviour We can see how all these factors are used to define the space in which
our skeleton can be positioned and how this affects its posture. In figure 2.10 we see how each
additional factor changes the hip effort space (for fixed neck angle) and therefore the potential
position of the skeleton.
With all the factors in place the skeleton has 3 main positions: If the back is sufficiently long
so that the head and shoulders can both be in contact then the skeleton leans back, creating an
inward curve to the spine (figures 2.12b, 2.12d, 2.12f and 2.12h). If the back is too short and
the head can no longer be in contact with the back then the skeleton takes one of the other two
positions; leaning backwards, so that the hip effort is 0 with the head lifted into a near vertical
position at the minimum of the shoulder and neck efforts (figures 2.12a, 2.12c and 2.12e), or
sitting upright at a slight slouch (figure 2.12g) as the effort to support the head at that angle
becomes higher than the benefit of resting the shoulders against the seat back. If the seat back
is so short as to prevent the back resting against it the skeleton will automatically sit up in the
final position.
Arms The final part of the model to position is the arms. The arms are studied so that we
can see how the arms would be positioned if the skeleton was to be working at a desk or table.
7http://mathworld.wolfram.com/Point-LineDistance3-Dimensional.html
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Figure 2.10: Illustration of how the hip effort is modified by effort factors for a range of hip
and shoulder angles with fixed neck angle
(a) Effort to overcome pivot effect, this is 0 for when the figure is seated vertically and increases when
the figure leans forward or back
(b) Positions where the shoulders pass through the chair have been removed and those where the
shoulders are resting on the seat back are set to 0
(c) Further positions where the spine passes through the chair are removed and other resting positions
set to 0. The complex shape arises from the movement of the spine
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Figure 2.11: Shoulder and Neck efforts and the combination that gives the final position.
(a) Final shoulder effort. The two lines show the
effort minima for the shoulders balanced vertically
and slouching muscle in its resting position
(b) Final neck effort, the single line shows the head
balanced vertically. This is for a fixed head angle
relative to the shoulders
(c) All efforts combined including hip effort from 2.10c giving final minimum (circled)
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(a) Height = 1, Recline = 0 (b) Height = 2 Recline = 0
(c) Height = 1, Recline = pi10 (d) Height = 2, Recline =
pi
10
(e) Height = 1, Recline = pi4 (f) Height = 2, Recline =
pi
4
(g) Height = 1, Recline = pi2 (h) Height = 2, Recline =
pi
2
Figure 2.12: Example of the movement of the skeleton as the back changes length and angle
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As before all possible positions of the joints (elbow and hand in this case) were found. The
positions that did not result in the hands being at desk level (750mm) were then removed. In
addition any positions that had the arms pass through the back of the chair were also removed.
To select the arm position that required the least effort the height of the centre of mass was
once again minimised.
The difference between the arm angles and the preferred angles is found. The preferred angle of
the lower arm is parallel to the desk and the preferred angle of the upper arm is at right angles
to the lower arm. The differences of these two angles are summed and this value is another
practicality measure.
2.2.4 Pressure Modelling
To find the peak pressure a pressure map that resembles those seen in previous research is
required. Observations of seat pressure maps in both commercial and academic literature indi-
cates that the distribution of pressure is roughly symmetrical, with the highest concentration
under the hips. As the distribution is not uniform a similar gradient is required to ensure that
the peak pressure is high enough, however the exact distribution is not as important as in the
cases where pressure sores are a concern.
We aim to find a model that has peak pressure in the 20 kPa–40 kPa range for a flat padded
seat cushion, with improvement when a contoured cushion is used. We have no base line
maximum for an unpadded seat but the peak pressure should be higher, based on observations
of unscaled comparative maps. We are looking for a peak below the hips, unless the shape of
the seat creates a pressure peak at another point.
2.2.4.1 Chair Surface
To test how the pressure changed between different chairs we need to have a chair surface to
analyse. To model the pressure in Matlab a matrix where each element represents a 1mm×1mm
square is used. As with the SketchUp model the cross–sections and their depths and positions
are used to create the chair surface. The cross–sections are imported into Matlab as a list of
x, y coordinates.
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Figure 2.13: Height of the Hip Bones. Graphics from Visible Body Muscle Premium [101]
A width curve is interpolated as a vector of width values at every 1mm step along the chair from
the cross–section’s widths and positions. Then for each element of this matrix a copy of the
cross–section coordinates is created, with the y coordinate scaled by the relevant width value
and the x value scaled by the depth of the cross-section. The coordinates are then interpolated
to find the 1mm steps. The different cross-section copies are combined by weighting the copy
by its proximity to its original cross–section. A depth vector (found in a similar way to the
width vector) is used to smooth the curve. All the areas not covered by the seat are set to
NaN .
From the chair surface two other maps are found that are used in the calculation of the pressure.
The first of these is the angle map. This is found by calculating the difference in height value
between two neighbouring elements in the y direction. The other map is the padding depth.
This is found by subtracting 10mm from the height map (this depth is assumed to be structural),
with any negative values set to 0. If the chair is to be a material that is not padded (e.g. wood
or metal) the padding map will be zero everywhere.
2.2.4.2 Pressure of the Legs
One of the most important things to consider with the pressure map of the legs is the effect of
the pelvis. As seen in figure 2.13 the shape of the pelvis means that the part of the hip known
as the Ischial Tuberosity (IT) takes most of the weight and as it is much closer to the surface
of the skin it also causes the highest pressures.
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Figure 2.14: Finding the contact area of the leg.
We will use the sinusoidal load distribution given by Solidworks8 as the basis to our model.
This assumes that any point on a half circle has a vertical load of F0 sin
2 θ where θ is the angle
from horizontal. F0 is found using equation (2.3).
Total Force = F0
n∑
i=1
sin2 θi (2.3)
Pressure of the Leg Mass The leg is modelled as having a circular cross–section. This
cross–section is of constant radius of Rk in the lower leg and Rk increasing to Rhp + P for the
upper leg. The buttock itself is modelled as a half sphere of radius Rb = Rhp + P . A matrix
is created for the area of the leg with one element representing a 1mm x 1mm square and for
each position we find the value of θ for the leg at that point. This value of θ is then adjusted
using the angle of the chair that it is in contact with using the chair angle map generated in
the chair model.
The area of the pressure map is reduced by estimating the area of contact between the leg and
seat. The value of θ is found at the edge of a segment as shown in figure 2.14. This segment
is assumed to be the volume created by the compression of the tissue and any padding on the
chair. Therefore the height of the segment is P+ Seat Padding (from the padding map as
shown in the chair model above). Any points where the angle is less than θ0 are then set to 0.
Once the angle θ has been finalised sin2 θ is calculated at each point to create the distribution.
The distribution matrix is then piecewise multiplied by the normalised height map from the
chair model. This has two effects, first it increases the pressure over high areas relative to low
areas, second it sets areas not over the seat area to 0. Additionally we multiply by a vector
8http://help.solidworks.com/2013/English/SolidWorks/cworks/c Bearing Load Distribution.htm
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(a) How the Femur and IT are positioned in the model (b) Finding the θ values for the leg
Figure 2.15: Layout of the simplified model
that adjusts for the distribution of weight over the area. If the centre of mass of the leg is half
way down the leg this vector will be constant, but if the weight is moved backwards then the
pressure at the front is reduced relative to the back. If the leg is lifted off the seat then part of
this vector will be 0.
The total force for the leg mass is the percentage of the mass contained in the upper leg
according to Winter [105] multiplied by acceleration due to gravity (9.81m/s2). If the lower
leg is not resting on the floor the mass of the lower leg is added to that of the upper leg
and the centre of mass of the entire limb is considered. The distribution matrix is normalised
by dividing by the sum, then it is multiplied by the total force. Finally it is multiplied by
1, 000, 000 to convert to the pressure SI unit Pascals.
Pressure of the Body Mass through the Skeleton It is assumed that the weight of the
upper body is carried through the skeleton. Two parts of the skeleton are then modelled; the
Ischial Tuberosity (IT) and the femur. The femur is modelled as a cylinder of radius 20mm
with rounded ends throughout the middle of the leg and the IT is modelled as a sphere also of
radius 20mm in the centre of the buttock. We see in figure 2.15a that they are assumed to be
lower than the centre of the leg cross–section. This difference in depth is P+Seat Padding as
in the calculation of contact area.
The transfer of force through the leg is then calculated as follows: For each 1mm cell a line
is traced from the outside surface of the leg to the centre of the leg to see if this line passes
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through the underside of either the IT or the femur (figure 2.15b). If it does, θ of the leg bone
at this point is used as the θ value for that cell.
This is done for the femur and IT separately. The IT uses a depth ofRb−(Weight∗0.52+8.16)/2,
where Rb is the radius of the buttocks. This value is calculated using data from two papers;
Cheung and Tam [20] and Makhsous et al [71]. Cheung and Tam showed that the thickness
of tissue over the IT had a linear relationship with body weight, the values of 0.52 and 8.16
were calculated from their results. However their testing was done in a sitting position with no
pressure. Makhsous et al studied the relationship between the thickness of tissue in a sitting
position and a sitting position under pressure. Their results show a significant reduction in
tissue thickness over the IT. Exact values were not given in the paper but the graphs indicate
a reduction of approximately half of the thickness, hence the calculated value is divided by 2.
The rest of the process continues as for the leg mass except the existing contact area is used
rather than testing the new θ against θ0. The mass used this time is the mass of the upper
body adjusted to remove any weight carried by the seat back.
We now show some example pressure maps from the model along with their maximum pressure
values. Figure 2.16 shows the pressure of a 75 kg (11.8 Stone), 180 cm (5.9 Feet) person sitting
on a variety of seats. This is the same height and mass as the tester in Wagnac et al [104]. Their
simulation gave maximum values of 23.6 kPa for a flat cushion and 16.5 kPa for a contoured
cushion. Our simulation gives a similar difference between the contoured and flat cushions and
the solid seats have higher pressures for both shapes as expected.
2.2.4.3 Pressure of the Back
The pressure of the back against the chair is less well represented in the literature. We choose
to make a very simple model that will respond to the back or head leaning on a small or hard
area. As the bones in the back (such as the spine, shoulder blades and ribs) are close to the
surface and cover the majority of the area we do not model the bones and flesh separately in
the back. The shape of the back is modelled as shown in figure 2.17 and the same method used
as for the legs. Notable differences include the calculation of the surface area, where padding
value P was set to 5mm.
If the head also rests on the seat back then the pressure of the head is calculated separately. If
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Figure 2.16: Pressure maps produced by our simulation of a 75 kg, 180 cm tester seated on 4
different seats. Pressure distribution can be compared with figures 2.2 - 2.4
Figure 2.17: How the back model area (left) and height (right) are formed from the relevant
dimensions
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it does not rest on the seat back then the mass of the head is added to that of the torso. The
weight pressing on the seat back depends on the angle of the back with the rest transferred to
the seat.
2.2.5 Summary
The ergonomic model presented here allows nine ergonomic factors of the chairs (described
in section 2.4.1) to be tested. The simulations were not designed to be highly accurate and
many assumptions and simplifications have been used. However it is capable of assessing
chairs directly from the parameters without human input. This is done fast enough to enable
the collection of a large quantity of data - something not possible with more sophisticated
simulations or collection of real data.
Despite the simple model, the simulations produce pressure maps and peak values that are
within the range that appears in the literature. The target posture of the skeleton was not
drawn from sources, but rather the experience and observations of the author. The reader is
invited to judge the postures presented in figures 2.7 and 2.12 against their own experience.
Ultimately the accuracy of the simulation does not impact on the work presented in the re-
mainder of this thesis. Accuracy is desirable as the chairs produced will be more similar to
existing chairs, however data from any consistent result could be learned with machine learning
and the following methods applied. The methods presented later are not dependent on these
data sets and new data can be substituted at a later date if the model is improved.
2.3 Other Data Sets
To guide the selection of variables that were not covered by the ergonomics we introduce several
new measures. These were chosen to influence the legs, textures and proportions. The chairs
used in the ergonomic training were assigned random leg and texture properties, applied so
they corresponded to the previous upholstered/solid finishes used in the ergonomics.
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2.3.1 Stability
We introduce 3 measures for the legs. These look at the strength, connectivity and visual
balance of the legs. To test the strength of the legs a very simple measure is used that looks
at the cross–section of the legs against the surface finish. A more complex measure that would
consider the relative compressive/tensile strength of the materials was considered but it was
decided that this was too complex for our purposes.
The cross–sectional area of a single leg is found from the chosen cross–section and size. This is
then multiplied by the number of legs (depending on the chosen leg style this may be 2 or 4).
Finally, if the finish was metal (or one of the solid finishes which were assumed to be painted
metal) it was multiplied by 5 to simulated the increased strength of metal over wood. From
observations it was decided a good value for this property is close to 70cm2.
The connectivity measure looks at how well the legs connect to the seat. Curves representing
the tops of the legs and the side of the seat were created and the percentage of the leg top
that overlapped with the seat was found. Those with an overlap of less than 70% were not
considered sufficiently connected.
The final measure considered the size of the base. If the area of the seat was contained within
the area of the base (viewed from above) the chair was considered stable. Again this was
simplified as other factors (such as a reclined back) could cause the chair to be unstable.
2.3.2 Manufacture
Three measures were used to make the chair more realistic with respect to manufacturing
difficulty. The choice of materials has an impact on what forms can be made and what manu-
facturing techniques can be used. The first two manufacture measures looked at the complexity
of the seat and back forms by considering the surface curvature of each. This was then mul-
tiplied by a material factor. This was high for difficult to shape materials such as wood and
low for easy materials such as plastic. This removes complex forms in wood but allows them
in plastic.
The second manufacture measure looks at the difficulty of assembling the chair back. The
back can be made of a number of pieces and these can be easy to assemble (wood or metal) or
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Figure 2.18: Chairs generated without the Colour or Proportion properties
difficult (plastic). As well as the number of pieces we consider the way they attach on to the
verticals. Thin verticals or a single central vertical are considered difficult, while multiple wide
verticals are considered easy to assemble.
2.3.3 Aesthetics
When using only the objective data sets (comfort, practicality, stability, efficiency and manu-
facture) during the later stages of the work we received feedback from others that the chairs
looked strange and unusual. Examples of chairs of this type are given in figure 2.18. To over-
come this two further data sets were used to determine colour and proportion. We acknowledge
that this data is not ideal, it will remove many aesthetically good designs from the potential
design space and some bad designs may remain. However the addition of these makes the chairs
produced more familiar and easier to relate to. This was particularly important during the work
in chapter 5 as similar work undertaken without the aesthetic data proved inconclusive.
Defining good proportions is a difficult task as it is subjective. Rules have been proposed such
as the use of ratios φ (the golden ratio - 1.6180....) or 1:2 (used by Birkhoff in his aesthetic
measures [5]) but their importance is disputed. It was decided that the focus would be on
removing designs that were considered very undesirable but we would not try to classify the
chairs beyond this. With the help of a professional designer (an architect) certain undesirable
traits were identified. These include those shown in figure 2.19.
One measure was found that was able to remove the majority of the negative proportion traits.
This measure looked at the percentage of the possible area that was covered by the seat, back
and legs. The possible areas are found by finding the maximum width of the chair and the
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Figure 2.19: Chairs exhibiting identified bad proportion traits, from l-r: Back too small, Back
is top heavy, Seat corner is too small, legs are too wide
height of the back and legs and length of the seat. We then want the seat, back and legs to fill
a certain percentage of this area. This removes the undesired traits shown in figure 2.19. The
percentages chosen for the good/bad cutoff were 70% of the back and legs filled and 60% of the
seat filled.
In figure 2.20 we see the areas that were found to calculate these percentages. The black
outlines show the potential area. The total back area was the combined area of the yellow and
green patches in the top row, the legs are the red patch in the top row and the seat area was
the blue area in the bottom row. The leg proportions did pass the requirement but all four
back areas were below the required 70% and the last seat area was below the required 60%,
meaning that these did not pass the proportion requirement.
It was decided that the best way to apply rules to the colour was to source good colour palettes
that had been approved by a human eye. There are online repositories of these palettes9 but
these are not suitable for picking textures from a predefined set. For this we needed a wide
range of colours to compare against those in our textures. Therefore we opted to make our own
palettes based on colours that appear in suitable photographs. See appendix C.1 for details.
9Examples of online repositories include http://colorpalettes.net/ or http://www.colourlovers.com/
palettes
70
Figure 2.20: Simplified outlines of the Chairs in figure 2.19
If all three textures in a design (Leg, Seat and Back) are grouped together in one of our chosen
palettes then it was labelled good, if not it was labelled bad. To ensure that none of the
upholstered textures are used structurally we allow some of the test set to have this property
and changed the cross-section strength to bad.
2.4 Using the Simulations
2.4.1 Summary of Properties
The simulations described in this chapter measure 17 properties of a chair. These are shown in
table 2.1. These simulations allow us to test a chair’s viability without manual assessment. At
this stage we could create new viable chairs automatically using the generate and test method,
where we create a set of chair parameters and test to see if it has good values in all 17 properties.
However, even with the substantial time improvement achieved by our method (3.2 seconds per
chair, per user, improved from 30 minutes for Grujicic et al [43] in 2009), generate and test
proved to be prohibitively time consuming. A set of 12000 chairs, each tested with 20 users,
took several days to test. Of these, none achieved good values for all 9 ergonomic properties
and just 18 chairs achieved good values in 8 of the 9. Therefore we conclude that generate and
test is not practical for the design of new chairs with the ChairMaker. More advanced search
algorithms, along with more efficient assessments of viability will be required.
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Table 2.1: Properties of Chairs used in this Work
No. Description of Measure Type
1 Angle of elbow and shoulder away from ideal Practicality
2 Angle of eye line away from horizontal Practicality
3 Height of foot above floor Practicality
4 Pressure of body against back Comfort
5 Pressure of body against seat Comfort
6 Curvature of Spine Comfort
7 Maximum Width of Chair Efficiency
8 Maximum Length of Chair and User Efficiency
9 Angle between Chair Back and User’s Back Efficiency
10 Strength of Legs Stability
11 Connection between Legs and Seat Stability
12 Size of Base Stability
13 Proportions Aesthetics
14 Complexity of Seat Shape Manufacture
15 Complexity of Back Shape Manufacture
16 Number of Pieces to Assemble Manufacture
17 Colours Aesthetics
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2.4.2 Using Machine Learning
To improve the efficiency of the viability assessment we use machine learning. Using machine
learning will allow us to predict a chair’s viability based on its input parameters. As stated
previously we tested a set of 12000 chairs with our ergonomic simulations, which took several
days. We further tested them with the non-ergonomic simulations, this took a few hours. This
gave us a data set, where the input parameters for each chair is known, along with a viability
score for each of the 17 properties.
Mapping a design space using machine learning has been used before. Dabbeeru and Muker-
jee [24] describe a similar method of mapping a design space using machine learning. Their
design space (of a padlock design) has 2 variables and they reduce this based on the strength
and clearance of the bolt. They showed that it was possible to learn viable subspaces of the
design space in this way and we take their simple model as evidence that our more complex,
discontinuous space may be viable. In the creative domain similar methods have been used
to learn design spaces in areas such as music [109] and door handle design [52]. These are
often combined with evolutionary algorithms to generate new designs. The algorithms used in
previous work are usually neural networks, however recently decision trees have been used to
model user preferences in the evolution of digital art by Li and Hu [66].
To use a classification algorithm we need to turn our data into classes. For each property a
cut–off value was chosen which separated the set into a good class (which satisfied the property)
and a bad class (which did not). For example the cut–off for seat pressure was 55 kPa, above
this was considered too uncomfortable.
Separate classes were found for each of the properties. Therefore a chair could be classified as
good for some properties but not others. Studying the properties separately allows us to use a
smaller data set as, despite a high percentage of good chairs per property, there were no chairs
that possessed all 17 properties in a set of 12000.
Decision trees are used throughout this work due to the ability to see the constraints placed on
each property. In chapter 4 we will use this to find conditional constraints on our parameters.
Other benefits of using decision trees include their ability to handle both discrete and continuous
data and dimensionality reduction as part of the algorithm. We use a minimum leaf size of 10
to prevent over-fitting.
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Figure 2.21: Plots showing the percentage
of chairs correctly classified using decision
trees for each property. A subset of chairs
was randomly selected from the full set with
increasing numbers of chairs. 100 chairs
were removed to be the test set with the re-
maining chairs were used to train the tree.
This was done with a different subset 50
times with the mean value of correctly clas-
sified chairs from the test set shown here.
In figure 2.21 we see the accuracy of decision trees to classify our 17 data sets. We can see
that there is little improvement in the classification accuracy for higher numbers of chairs in a
set. The exception is property 5, the seat pressure, which is still increasing. However this is
the property that is most time consuming to test and it was decided that there would be little
gain in continuing to gather more data. This level of accuracy is sufficient to test the methods
used in this work as further steps are taken to improve accuracy such as using groups of trees
(random forests) or we discard any design space regions where the accuracy is too low during
the generative stage.
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Chapter 3
Generation of New Designs
In this chapter we discuss existing algorithms used in generative design, including evolutionary
algorithms. We apply an evolutionary algorithm to our chairs, using the data sets from the
previous chapter as a fitness function. An earlier version of the work in this chapter was
published [83] and presented at the EvoMUSART conference in Copenhagen in 2015.
3.1 Generative Algorithms
3.1.1 Evolutionary Algorithms
Evolutionary design has been one of the principal generators in computational creativity.
Within the domain of 3D design it has created items such as furniture [4], cartoons [44] and
bowls [55] as well as vases [81]. Evolutionary design can either be user driven, where the fitness
of a design is determined by a person using the system or automatic, where the fitness is de-
rived by an equation. The automatic fitness measures usually only look at physical properties.
The GADES system by Bentley [4] looks at factors such as ‘size’, ‘mass’, ‘flat upper surface’,
‘supportiveness’ and ‘unfragmented’ to design a table.
The aesthetics and style of automatic 3D design has been less widely studied due to the complex
nature of aesthetics. One recent example of an automated aesthetic measure is our earlier work
in [81]. However this only looks at people’s overall preference rather than specific styles and
the style of the final vases was quite classical.
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The style of 3D design has often been defined by the representation used. For example the
designs by GADES were all very angular and blocky due to the use of cuboid primitives. By
contrast the bowls by Jacob et al [55] had organic forms due to the use of implicit surfaces.
One of the problems with evolutionary algorithms, particularly with automated measures is
the loss of diversity [81]. This is caused by the optimization aspect of evolutionary design - we
are aiming for the design with the highest score. However in many aspects of creative design
the concept of ‘best’ is difficult to define; it may depend on personal preference for example.
In these cases it is beneficial to find a range of solutions that fit the brief, which can then be
assessed manually. The benefits of multimodal search is not just limited to areas with subjective
assessments; having a range of possible solutions is also beneficial in cases where there may
be unexpected reasons why the best solution is no longer viable, such as planning a spacecraft
launch [90].
Despite their apparent drawbacks, evolutionary algorithms are actually well suited to the task
of finding diverse populations as they are capable of developing many designs in parallel [26].
Within evolutionary computing a wide number of methods have been developed. A good
overview of these can be found in Cˇrepinsˇek et al [23]. Although many of these are designed to
provide high diversity early in the evolutionary process to prevent convergence to local minima,
many can also be used to maintain diverse populations in the later stages.
Previous work has also explored ways of creating large diverse sets of 3D designs both with
[107] and without [59] an evolutionary component. These both use sets of existing models to
synthesise new designs. Xu et al [107] (designing lamps and chairs among others) have two
components to their fitness function, automatically assigned viability and a manually assigned
user preference component. They also use a diversity control method where original designs
that are suitably different from the current population are reintroduced in later stages of the
evolution.
3.1.2 Procedural Modelling and Shape Grammars
Procedural modelling is another well established method for generative design. It is already
widely used, particularly in the game industry [47] where it is used to produce massive environ-
ments for the player to explore. Procedural modelling uses a set of rules to create the desired
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forms, these are often applied consecutively with the final form determined by the choice of
rule at each time step. Sometimes these rules can mimic the processes that would create the
original forms, such as using L-Systems [67] to create plants or shortest path algorithms to
create road networks [37]. In other cases the rules are constructed for a particular task, such as
the generation of landscapes [91], cities [100] and room layouts [40]. In some cases these rules
are formalised as a shape grammar [92].
One of the benefits of shape grammars is that the rules can be chosen to mimic a particular
style. In 2004 Chau et al [16] put together a list of the many styles that had already been
achieved in this manner. These include: Hepplewhite chairs [60], Frank Lloyd Wright houses
[62], Queen Anne era houses [35], Buick vehicles [73] and Dove toiletries [15]. Since then the
popularity of shape grammars has not subsided and further work by Wu [106] (Chinese style
chairs) and Lau et al [65] (Ikea flatpack furniture), among others, has continued their use.
The power of grammars comes from their ability to describe the design space absolutely
(through the rules), allowing exploration of the space without straying too far from the style
you aim to achieve. However this may also be their weakness, as a particular style has to have
its own set of rules that may not be compatible with others from other styles. Even within a
style there is little flexibility, allowing for none of the creativity of the original designer.
A grammar was considered at an early stage of this work (see appendix A for details), however
the final ChairMaker program did not use this structure.
3.2 Evolutionary Design of Chairs
To test the suitability of using machine learning to predict the viability of chair designs the
established generative design method of evolutionary algorithms is used. We aim to show that
decision trees trained on the simulation data from the previous chapter provide an accurate
map of the design space which can enable us to find new chair designs.
Previous work by other researchers that is applicable to this section includes the padlock design
work by Dabbeeru and Mukerjee [24]. They also use simulation data to map a design space,
however their space has only two parameters and one property (ours has 33 parameters and up
to 17 properties) and their work does not contain a generative phase. Another piece of work
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that is applicable is by Brintrup et al [6]. They also aimed to evolve chairs with ergonomic
considerations. However their chair and human models were extremely simplified (two 2D
curves) and their fitness function was simulated in real time, rather than learnt.
When evolving 3D products our options for evaluating fitness are limited. Although the rapid
development of 3D printing technologies could eventually make physical testing of the evolving
products a viable part of the process [22], this is not currently possible with large complex
products such as chairs. Here we must rely on simulation to test the designs. However simula-
tion comes with its own set of drawbacks such as large calculation times. One solution to this
is to learn a fitness measure, using either real or simulated data [57]. Thus a design space can
be mapped once and used repeatedly. This is particularly advantageous if we wish to run the
algorithm multiple times.
We use a method that is tailored to create a wide variety of chairs, rather than optimising to
a ‘best’ chair. This is done because observations of real dining chairs suggest that there is no
such thing as a best solution to the dining chair design problem. To achieve a high diversity
fitness sharing is used - a bias put on the fitness of a design to promote novel designs. The
information obtained about the design space during the machine learning training step is also
used to guide the evolutionary mutations; focusing the mutations on the important parameters
in the earlier generations and on the unimportant parameters later in the process.
3.2.1 Representation and Fitness
The simulated properties are adapted to be a fitness function as follows: Target values for each
property are chosen that define a dining chair. Any value less than or equal to this is ‘good’ and
any value greater as ‘bad’. To use an evolutionary algorithm however, a progression of fitness
values is required to create a gradient for the algorithm to climb. This is done by dividing our
property data set 5 times with decreasing target values. A random forest (a cluster of decision
trees) is trained on each data set. A chair that is classified as good by all 5 random forests will
get a score of 5 for that property, however a chair that does not achieve the desired value in a
property but still has a reasonably good value will get a score of 1–4. This creates a gradient
as seen in the toy 2D example in figure 3.1. A chair with 10 properties could therefore achieve
a score between 0–50.
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Figure 3.1: Toy example showing how we split a continuous fitness function into 5 data sets that
are used to train 5 random forests. We can then assign a score to a new design by predicting
if they are good or bad using all 5 forests and summing the results together. This creates a
stepped gradient.
In the earlier work presented in our paper [83] we capped some of the properties at 2–4 so
they could not achieve a score higher than the cap, an example of this is shown in figure 3.1
labelled ‘Fitness Function for Target 0.4’. This was done so that the better scores for some of
the properties (such as comfort) could be reserved for different types of chairs (such as a lounge
chair). For the work presented here we use the target values for dining chairs as the values that
achieve a score of 5 to create the best possible gradient.
Creating a stepped gradient in this way has two advantages. First, a machine learning method
that sorts into two categories can be used, rather than a regression method. We found that
having only two bins, good and bad, increased the accuracy of the learning process. Second,
the fitness function has plateaus. All of the designs on the top plateau have sufficiently good
fitness for the design brief and a higher diversity is maintained than if we continue to optimise
to the best fitness.
3.2.2 Method
The representation of our design space is a list of the 33 ChairMaker parameters, all bounded
by the maximum and minimum values from the test set. During initial generation and after
every mutation we check that the numbers still fall within our bounds. Any that do not are
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replaced by the bound that they cross. We allow non-integer mutations of the discrete values
but round to the nearest integer before any testing stage.
When the decision trees are trained we find the importance of each generating parameter for
each trait. We then use this to guide the evolution of the chairs. When a chair has a low score
we want to focus the changes on the parameters that will have the largest effect on its score.
However, once the chair has reached the score plateau for a trait we want to focus the changes
on the parameters that are unlikely to reduce its score but will increase the diversity of the
population. This allows the early mutations to explore the design space but ensures that the
later mutations exploit the good areas.
The biases are given by equation 3.1, where Cj, Fj are the target value and fitness score for trait
j and Mij is the importance value for parameter i and trait j. The mean of the importance
values is subtracted so the parameters with smaller importance and fitnesses with a perfect
score become negative. Therefore we get a positive score when a parameter is either significant
and there is an imperfect score or a parameter is insignificant and a perfect score. We sum
over all the traits and only use positive biases. The addition of 0.02 is to allow a very small
chance that other parameters can change; it also prevents excessive mutation in equation 3.2.
Pi therefore gives the proportion of mutation that should be applied to parameter i.
Pi = max
(
10∑
j=1
(
((Cj − Fj)−meani(Mij))(Mij −meani(Mij))
)
, 0
)
+ 0.02 (3.1)
Mutationi =
Pi
25∑
1
Pi
σiRif (3.2)
Equation 3.2 gives the mutation value for a parameter i. Here we use normalised Pi, σi is
the standard deviation of parameter i and Ri is a Gaussian random number with mean 0 and
standard deviation 1. We also have f , a mutation factor. In each generation m children are
produced with a range of values for f , giving us a set of new chairs with increasing differences
from their parent.
To maintain diversity we use fitness sharing. This method ensures a higher diversity by mod-
elling finite resources in each evolutionary niche (region of the design space) [108]. Since limited
resources have to be shared by all designs within a set radius this will reduce the fitness in any
design in an overpopulated area and discourages multiple similar designs. Rather than sharing
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Figure 3.2: Proportion of total parameter range used with different genetic operators from our
original work in [83]. Top plot shows diversity in multiple evolutionary runs and demonstrates
the loss of fitness using recombination or unguided mutation. Bottom plot shows a single run
and the impact of fitness sharing. UM - Unguided Mutation, GM - Guided Mutation, Rec -
Recombination, FS - Fitness Sharing.
the main fitness value found by the fitness function we share a bonus fitness value between
similar designs. We define similar as sharing a second generation parent, e.g. ‘1st cousins’
and ‘siblings’ are all considered similar. This allow us to quickly and easily find distinct sets
of chairs rather than having to calculate a radius of similarity around each chair, which saves
calculation time.
Bx =
1
n/3
√
2pi
exp
(
− x
2
2(n/3)2
)
∗ (n+ 10) (3.3)
The bonus fitness is shared as shown in equation 3.3. This gives a Gaussian distribution of
bonus scores for each cousin x in 0...n, where the cousins are ordered highest to lowest scoring.
By changing σ according to the number of cousins we change the height of the peak, and
therefore the maximum bonus score. A unique cousin would get a bonus of ∼ 13.2 but the best
cousin of 10 would get ∼ 2.4. In practice there will be multiples of m cousins, where m is the
number of offspring from each parent.
The only genetic operator used in this process is the guided mutation. Early experiments show
that this gives us the largest diversity in the finished population. The top chart in figure 3.2
shows the percentage of the parameter range that was used in the final population with the first
3 designs sampled from 6 independent evolutionary runs (50 parents, 30 generations, 5 children
per parent). We can see that unguided mutation (no parameter importance bias) and guided
mutation with recombination both have low diversity. It was observed that this low diversity
was also visible in the phenotypes for recombination, with the same chair type developed
consistently throughout multiple evolutionary runs. The parameters where all methods have
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Figure 3.3: Top scoring chairs in a single run of the original algorithm with 10 properties
low diversity are ones which are restricted by the brief. For instance the first 3 parameters are
seat height, seat length and back recline, which are going to be similar for all dining chairs.
Guided mutation and guided mutation with fitness sharing appear similar when considered
over multiple runs but if we consider a single run (figure 3.2 lower chart) we see that guided
mutation cannot produce this diversity in one run without fitness sharing.
3.2.3 Results
The earlier work described in [83] used 10 fitness parameters; the 3 practicality measures,
3 comfort measures and the 3 efficiency measure, plus another efficiency measure that was
subsequently found to have little additional effect. Factors that are not used in the fitness
functions are set to a single value so we are not distracted by their changes. This includes
the leg style and cross-section, as well as the textures, although a distinction is made between
upholstered (purple) and solid (pale wood texture) finishes. We ran 30 generations to get this
set of chairs and created 5 children per parent in a generation. The results were very successful
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Figure 3.4: Samples of top scoring chairs in 4 runs of the modified algorithm with 14 properties
Figure 3.5: Reduction in the range of each parameter as a proportion of the full range. The
red line shows the proportion of each parameter in a single chair
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with a wide variety of chairs produced. Figure 3.3 shows the results of a typical run of the
algorithm, with 18 chairs achieving the maximum fitness score. Of the 50 original chairs, 12
have offspring in the final set.
As we see from figure 3.3, evolving to this fitness function has had the desired effect. The chairs
are consistently at a suitable height and have upright backs. They also have seats low enough
to allow the feet to touch the floor and the seat and back are narrow enough to get the chairs
around a table. But they have retained a wide variety of forms that could be later searched
for desired aesthetic traits. They also use a wide proportion of each of the parameter ranges as
seen in figure 3.2 (GM & FS).
However, as our chair models increase in complexity with additional parameters and new target
properties the evolutionary algorithm becomes less successful. We are also only able to use 14
of our properties as three are Boolean data sets and we are unable to create gradients. The
properties not included are the colour, proportions and number of pieces to assemble.
Figure 3.6: Reduction in the number of parents
with offspring in the final set
Figure 3.5 shows how the parameter diversity
is impacted by the addition of new properties,
where 9 properties are equivalent to the 10
used in the earlier work. Here we run the algo-
rithm 10 times for each property set and find
the average diversity of those that successfully
produce top scoring chairs. As well as reduced
parameter diversity we also see in figure 3.6
that the number of parents with children in
the final set drops off dramatically. Finally
we note that for 11 properties and above, it
was common for the evolutionary algorithm
to fail to reach the top score. We show examples of the chairs created by the evolutionary
algorithm for the 14 properties in figure 3.4. We can see that with the exception of the bottom
row, only one original chair was used to produce each set and that all the chairs in each set are
very similar.
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3.2.4 Summary
Our work with an established algorithm shows that the data produced by the simulations can be
used in the development of new designs by predicting their viability. It also highlights one main
advantage of using machine learning over using the simulation directly; the set of evolutionary
parameters used here has in excess of 7500 fitness evaluations, using the simulation directly
this would take around 45 hours. Using the learned fitness function it takes approximately 2.5
seconds in the Python version or 3.7 minutes in Matlab, both representing a vast time saving.
We have shown that with suitable adaptation to the evolutionary algorithm we can evolve a
diverse population for a limited number of properties. However this becomes more difficult as
the number of properties increases. With time we may be able to improve the diversity for the
full 14 properties, however we believe that evolutionary algorithms are not the most efficient
way to explore a design space that can be fully described by machine learning. In the next
chapter we propose a new algorithm to take advantage of the learned knowledge that will give
us greater control over the type of chairs developed.
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Chapter 4
Schema Driven Design
As seen in the previous chapter, decision trees can be used to map the design space and locate
areas which contain viable chairs. Using evolutionary algorithms allows us to search for these
areas. However in this case a search algorithm is redundant as the decision trees already contain
all the information needed to define such an area. Unlike other machine learning algorithms
decision trees are ‘white boxes’, i.e. we can read and understand the classification rules, which
take the form of constraints on the parameters.
These constraints are used to compile lists of rules that each describe an area of the design
space containing viable designs. We call each list a ‘schema’. Crucially multiple schemata are
defined for each property, allowing the variety of possible designs to remain high.
Using predefined schemata is similar to human designers using their preconceptions, often seen
as negative, reducing the creativity of a designer’s output. However in reality it is an important
part of design, where learning from experience allows a designer to quickly find a viable area
of the design space in which they can explore new ideas. Other researchers have also studied
the use of schemata in design, both as a functional part of the design process for human design
teams [64] and as a framework for an automated generative process [56]. They both acknowledge
that schemata have a valuable role in enabling the design process, saving time and allowing
easy communication of complex ideas.
As well as mapping the design space, the method proposed here has a natural way of finding
new designs. This is done by finding combinations of schemata that overlap in the design space.
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Any design in this area will possess all the properties described by the overlapping schemata.
To find viable overlapping schemata we remove any schema that does not overlap with those
of other properties, and therefore will not be capable of producing new designs. The result of
this work is a method of automatically describing the relationships between parameters in a
manner that has a useful physical meaning. For example we find a relationship between leg
material and leg width that has an impact on the physical property of stability.
While this work concerns itself with the generation of chair designs from synthetic data sets, it
is probable that a similar framework could be used to investigate any small data set that had
distinct but interrelated properties. By this we mean properties that have little or no effect on
one another (such as comfort and proportion) but may depend on the same parameters (such
as chair width).
Much of the work in this chapter has been described in the paper ‘Automatic Derivation of
Design Schemata and Subsequent Generation of Designs ’[84]. This has been accepted by the
journal ‘Artificial Intelligence in Engineering Design Analysis and Manufacture’ for the special
issue on ‘Design Engineering Informatics’.
4.1 Schema Derivation from Decision Trees
To illustrate the method in this section we will use property 9 as an example. This property
looks at the angle between the seat back and the figure’s back to determine whether they are
able to use the back correctly. In figure 4.1 we show examples of seated figures for a range of
back height and back recline values, along with the resulting value for the spine angle.
4.1.1 Finding a Decision Tree
Matlab was used to find the decision trees in this method as Matlab allows us to extract
information about the decision rules that we need in the production of the schema. We use
Matlab version R2014b and the function fitctree. The same data sets as previously used in the
evolutionary method are used here, dividing the data into just one ‘good’ and ‘bad’ set per
property, rather than the 5 sets used in the evolutionary method. To divide the data set for
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Figure 4.1: Examples of figures illustrating property 9 - angle between seat back and figure
back
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property 9 into two sets we choose all those with an angle less than 0.02 rad to be good and
any greater than or equal to to be bad. This angle meant that the figure had to be resting
against the back in a seated (rather than lying down) position, as seen in figure 4.1.
Overfitting is always a problem in machine learning but it is of particular concern for this
method because superfluous parameters in our schema could cause problems later when the
schemata are combined in the generative phase. The problems would arise by creating apparent
conflicts between schema where there are none. To prevent overfitting the importance values
used previously in the guided mutation are used.
For each trait one third of the data is sampled randomly, a tree is trained and importance values
found (re-scaled so the importances sum to 1). This is done 20 times. Only those parameters
with a minimum importance value above 0.005 are then used to create the tree from which
we will extract the schema. We assume a ‘real’ important parameter will have a significant
importance value for any subset of the data but an overfitted parameter will have a near zero
importance for some subsets of the data.
In our example of property 9 we find that the most important parameters are back height and
back recline, with scaled importance values of around 0.65 - 0.7 and 0.27 - 0.3 respectively.
Therefore we use only back height and recline, making our design space for property 9 two
dimensional. In figure 4.2a we show this design space by plotting a subset of our 12000 chairs
and colour coding them according to whether they are in the good subset (red) or the bad
subset (black). The 12 chairs shown in figure 4.1 are also marked on the plot for reference.
4.1.2 Schema Derivation
To derive the schemata from the trees the full range of each parameter is found, this becomes
a vector of possible values for that parameter. To enable this the continuous variables are
rounded into a discrete list, however we will continue to refer to them as continuous as they
will still behave as such, e.g. 0.4 is more similar to 0.5 than 0.8 but (as an example of a discrete
measure) cross-section 4 is not necessarily more or less similar to cross-section 5 than 8. A
range vector is found for each parameter, e.g. we have 33 vectors in total.
In figure 4.3 we see the tree that is trained on our property 9 data set. This tree has 9 good
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(a) Design space with chairs from figure 4.1. (b) Schemata from tree in figure 4.3
Figure 4.2: Derivation of schemata in the 2D design space of property 9
Figure 4.3: Tree for Leg Structure Measure
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Property tree.Parent tree.Children tree.CutVar tree.CutPoint tree.ClassProbability
Node
Parent
Node
Child
Nodes
Decision
Parameter for
that Node
Decision
Value at that
Node
Probability that a
point at that Node
is negative (left) or
positive (right)
1 0 2 3 ‘03’ 0.65 0.6249 0.3751
2 1 4 5 ‘04 0.75 0.1899 0.8101
3 1 6 7 ‘03’ 0.85 0.9415 0.0585
4 2 8 9 ‘03’ 0.15 0.7630 0.2370
5 2 10 11 ‘03’ 0.55 0.0617 0.9383
6 3 12 13 ‘04’ 2.05 0.7302 0.2698
7 3 0 0 ‘’ NaN 0.9987 0.0013
8 4 0 0 ‘’ NaN 0 1
Table 4.1: Example of data extracted from the tree in figure 4.3
leaves which correspond to the red 2–dimensional boxes on the design space in figure 4.2b. To
turn our parameter vector sets into schemata we extract information from the trained tree in
Matlab. Table 4.1 shows the properties extracted from the property 9 tree, as well as some of
the data for property 9 in the format it is given. To demonstrate the method we will extract
a schema from property 9 using the data in table 4.1. The method can also be followed using
the tree in figure 4.3. The method proceeds as follows:
1. First we find a terminal node; in the extracted data this is indicated by the letters ‘NaN’
for the property ‘CutPoint’. Our example data has two terminal nodes; numbers 7 and
8.
2. We then identify a positive terminal node. Node 7 has a probability of 0.9987 that it is
negative. Node 8 however has a probability of 1 that it is positive. We choose this as our
first schema. In figure 4.3 node 8 is labelled ‘Schema 1’.
3. The parent of our terminal node is identified from the value given by Parent Node. We
see in table 1 that the parent of node 8 is node 4. This can also be seen in figure 4.3.
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4. From the parent node we find the decision parameter and value. For node 4 this is
parameter 3 (Back Recline) and value 0.15. We also identify whether the decision is
greater or less than the value by observing if our terminal node is the first or second child
node listed for the parent. The first child node is ‘less than’, the second is ‘greater than
or equal to’. In our example we find that we have ‘less than’.
5. Putting together the information from the parent node we find that to reach node 8 a
point must have a value of parameter 3 that is less than 0.15. We therefore constrain
parameter 3 to satisfy this by removing all values greater than 0.15 from the range vector.
The range vector is now [0.0, 0.1].
6. The process is now repeated by treating node 4 as our terminal node. We find that its
parent is node 2 and we must satisfy parameter 4 less than 0.75. This reduces the vector
to [0.3, 0.4, 0.5, 0.6, 0.7].
7. The process is now repeated by treating node 2 as our terminal node. We find that its
parent is node 1 and we must satisfy parameter 4 less than 0.65. This reduces the vector
to [0.3, 0.4, 0.5, 0.6].
8. The process then stops as node 1 is the root node.
9. Schema 1 has been defined as constraining parameters 3 and 4 to values in [0.0, 0.1] and
[0.3, 0.4, 0.5 0.6] respectively. All other parameters are unconstrained.
10. As we see in figure 4.3 there are 9 positive nodes, each producing a unique schema, these
correspond to the schema shown as parameter ranges in table 4.2
11. The remaining extracted data is not shown here.
Once the root node is reached there is a new set of parameter vectors where every parameter
set chosen from these vectors will be classified by the tree into the original positive leaf, this is
a single schema. A schema set is produced for a property by finding a schema for each positive
node in the tree trained on that property. Having multiple schemata is to be expected as there
are many solutions to a design problem, each schema will represent one such solution.
The schemata each represent subspaces of the design space. Since decision trees divide the
space using < and ≥ these subspaces will take the form of n–dimensional boxes in the design
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Table 4.2: Schema for Leg Structure Measure
No. Parameter Remaining parameter range after constraints applied
1
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
2
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
3
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
4
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
5
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
6
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
7
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
8
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
9
Height 0.3-0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0, 2.1, 2.2-3.0
Recline 0.0, 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.8, 0.9-1.6
space, where n is the number of parameters used in the decision tree. This can be seen in figure
4.2b.
4.1.3 Parameters to consider in Schemata Derivation
Unlike traditional classification where it is important to have high accuracy for both good and
bad classes, here we are only interested in the good class. If a good design is misclassified as
bad then the design space will be reduced but there will be a large space from which to find
our designs. However if a bad design is misclassified as good then non-viable chairs may be
produced. To ensure a low percentage of non-viable chairs positive nodes that have a high
level of uncertainty are removed. The bias level used is 0.85, with only those nodes with 85%
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probability of being positive used as positive leaves. Only the first 5 of the 9 schema in our
example fit our new criteria, we see the rejected schemata in figure 4.4. The rejected schemata
are capable of producing viable chairs but the likelihood that they would produce a non-viable
chair is too high.
4.2 Schema Fusion
Figure 4.4: Rejected schemata (gray)
For each desired property a set of schemata
was found that is equivalent to a set of dif-
ferent solutions to the same design problem.
To produce a new design all the design prob-
lems must be solved by picking one solution
from each property, finding the intersection of
the permitted parameter vectors (or overlap-
ping regions of the design space boxes) and
creating a chair based on that physical speci-
fication.
Before the schemata are chosen, those that
are completely incompatible are removed to reduce the possibility of a schema combination
where the intersection of one or more parameter vectors is empty. For example any schema
that has the user reclining will be incompatible with schemata from properties that require the
user to sit up straight. It is important to note that we only remove a schema that conflicts
with the schemata of an entire property and is therefore impossible to combine in any way.
Any schema that has at least 1 compatible match in every property’s schema set will be kept.
Illustrations of overlapping schemata are shown in figures 4.5a and 4.5b. If a schema does not
overlap with any of the other then it is incompatible (these are marked with a cross).
To combine schemata, new parameter vectors are created that contain only the values in the
intersection of the schemata parameter vectors. If there is a conflict then the intersection will
be empty and no design is possible from that combination. The process can be seen in figure
4.6. Here each row and column represents a schema with the lines grouping the schemata that
correspond to a particular property. If an element is white it indicates that the intersection of
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(a) Schemata for property 9 (red) and 2 (green) (b) Schemata for property 9 (red) and 8 (blue)
Figure 4.5: Here we see the schemata for 2 other properties that use the back recline and back
height parameters. As their design spaces are in higher dimensions their schemata appear to
overlap in the 2D design space of property 9. We can see that some of the schemata for each
property do not overlap with any of the other, these are marked with a cross. Any chair in
that part of the design space would not satisfy the missing property.
the two schemata corresponding to its row and column has at least one potential value in the
intersection of all parameters. If it is grey this means that one of the parameters has an empty
intersection. If a full row of one of the parameters is grey then there is no valid combination of
the schemata represented by the column with that parameter and the schema is removed.
Sometimes removing a schema will create new empty rows as that schema may have been
the only valid combination within a property, therefore the process is repeated until there are
no more grey rows. In our example we have 2 removal steps as shown in figure 4.6. The
incompatible schemata in the second step can be seen in figure 4.7. This figure also shows
the region of the design space that satisfies at least one schema from each property after the
removal process is complete. Any chairs with back height and back recline values inside this
region will possess properties 2, 8 and 9. Any chairs outside will be lacking at least 1 of these
properties.
In figure 4.6 we only see our example property 9 and the two properties that conflict with it in
the Back Length-Recline design space. In practice this process is done with all 17 schema. Once
the incompatible schemata have been removed 118 schemata representing the 17 properties
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Figure 4.6: Here we see the incompatible schemata represented as a grid with every schema in
the three properties compared to the others. A white square indicates overlapping schemata. A
full row of gray squares (highlighted in red, blue and green) indicates an incompatible schema
as seen in figures 4.5a and 4.5b. We see three schemata for property 9 (shown in red) that are
incompatible, one with property 2 and two with property 8. Likewise there are schemata in
property 2 (green) and 8 (blue) that are incompatible with property 9. Incompatible schemata
between properties 2 and 8 are not highlighted. On the right we see that after removing all
incompatible schemata from the set we find new incompatible schemata and the step is repeated.
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Figure 4.7: Incompatible schemata in property 8 after first removal step (left) and final viable
design subspace defined by schemata of properties 2, 8 and 9 (right). This subspace is made of
the overlapping boxes of 6 schema from property 2, 5 from property 8 and 2 from 9. These are
equivalent to the rows and columns of the last grid in figure 4.5
remain, for which there is at least one valid combination for every schema (although some
combinations will still be invalid). Of our example schemata we are left with only 2; numbers
2 and 5. To generate a new chair a schema is selected randomly from every property and the
parameter intersection is found, a value for each parameter is then randomly chosen from within
those intersections. The intersections often contain multiple values and therefore multiple chairs
can be found.
4.3 Results
We can see some of the designs created by the schema method with 17 properties in figure
4.8. There is a wide range of shapes and styles, including both traditional and modern. All of
the chairs are of an appropriate size and shape for the dining chair specification. This method
is also much quicker than the evolutionary method. In a typical run of 1000 trial schemata
combinations, around 120-150 will have non–empty intersections and possible chair designs.
This process takes roughly one second in the Matlab program. Therefore over 100 chairs per
second can be created using the schema method.
Once a valid schemata combination has been found multiple chairs can be created by choosing
different parameter values from the intersections. This creates sets of similar looking chairs as
seen in figure 4.9.
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Figure 4.8: Chairs produced by the schema method and all 17 properties
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Figure 4.9: 3 Sets of chairs; each row is made with identical schemata
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As discussed before, we want to maintain a wide range of different designs in our final set
- a high diversity. The observations of existing chairs in chapter 1 suggest that there are
many different styles and forms of chairs that can satisfy our design problem and we want our
generated designs to reflect this.
As well as observing the wide range of designs present in 4.8 we also plot the diversity of each
parameter as a proportion of the full range of options for that parameter. In figure 4.10a we see
that the average diversity in 10 groups of 50 chairs is still very high. The parameters with the
largest reduction in diversity include 1 to 4 (seat height and length, back height and recline),
which are important to ensure the user is seated in a suitable position for eating or working.
The other parameters with reduced diversity are 8 (corner width - important for comfort) and
the texture parameters; 23, 24 and 33. These are heavily constrained by the choice of palettes
for the colour property and a greater range of palettes should increase the colour diversity.
In figures 4.10b and 4.10c we show the diversity for the schema method when only using 9
and 14 of the properties respectively. We present these as a comparison with the evolutionary
method to show how the schema method maintains its diversity when the number of properties
is increased, while the evolutionary method does not.
Adding or removing properties is simple. New trees can be trained on additional data and
schemata extracted in the same way. Once new schemata have been found we can repeat the
incompatible schema removal process, leaving those that pass our new design brief. Likewise a
set of schemata for a particular property can be removed if it is no longer required. If better
data becomes available (for example, more sophisticated colour property data) a schema set
can be swapped.
Multiple schema sets can also be used for a single property. For the colour property, two
separate trees were trained for the palettes for the ‘autumn’ picture and ‘winter’ picture (shown
in appendix C.1). After extracting the schemata the two lists of schemata were combined,
therefore a chair will use either a autumn schema or a winter schema for its colour property.
By finding colour schemata this way palettes can be added or removed, perhaps to suit a
particular colour scheme, without training new trees. It is probable that the trees are also
more accurate when trained over a single palette as there will be fewer rules with fewer colours.
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(a) Average diversity of 10 groups of 50 chairs created with the schema method and 17 properties.
(b) 9 Properties used in both methods
(c) 14 Properties used in both methods
Figure 4.10: Average diversity of 10 groups of chairs created with the schema method. We also
show the equivalent chairs created by the evolutionary method in the previous chapter. Notice
how increasing the number of properties with the schema method does not impact the diversity
to the same degree as the evolutionary method
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4.4 Summary
A new method of generating designs from data sets has been proposed. Rather than searching
the design space, it is mapped using decision trees. Rules to describe viable areas of the design
space are then automatically extracted and applied. The method can also find intersections of
the good areas for multiple properties and it has been demonstrated that the method is more
resilient to multi-objective design than an evolutionary algorithm in this task. Based on these
observations, we would expect this method to be able to handle the use of more properties than
show here as there is no significant reduction in diversity to this point.
The chairs designed using this method appear to be very varied and we have examples of
many styles represented in the set. We have also observed that the use of the same schema
during generation results in similar looking chairs. This method has also been demonstrated
to be much faster than evolutionary algorithms, with the potential to make hundreds of viable
chairs in seconds. The large numbers of viable chairs, in many different styles, will allow the
investigation of visual similarity in the next chapter.
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Chapter 5
Visual Similarity, Style and Designing
to Match
What is it that we look for when we describe two designs as similar? A method of describing
visual similarity is essential in design; a brief is often accompanied with examples of previous
designs that are used to guide the visual aspect of the final design. Visual similarity also
has a part to play in the definitions of styles. There are other factors that contribute, such
as historical and geographic context, but if these are unknown we can still assign a style by
associating the object to those that are visually similar. Here we study the notion of visual
similarity within a set of automatically generated designs.
5.1 What do we mean by Style?
When discussing design we easily make use of ideas such as ‘this looks like’ or ‘same style as’.
But while this comes naturally to most people it is extremely hard to define formally. Many
definitions of style in art and design have been proposed in the literature. Many of these derive
from Schapiro’s work ‘Style’[87]. His definition is as follows:
By style is meant the constant form - and sometimes the constant elements, qualities,
and expression - in the art of an individual or a group
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The group or individual as the origin of a style is a theme that is used in many definitions such
as this one from Ackerman [1] in 1962:
As a way of characterising relationships among works of art that were made at the
same time and/or place, or by the same person or group
Schapiro also acknowledges that although this can be used to describe a style, actually cat-
egorising objects this way can be difficult as the evolution of style is a continuous process,
for example an individual may experiment with multiple styles over their lifetime. However a
definition like this can be used to pinpoint an object in a time and place. He also advocates the
use of ‘qualitative terms and even as tertiary (intersensory) or physiognomic qualities, like cool
and warm, gay and sad’. Later work has indicated the value both of these abstract qualities
[17] and physical features [12] in determining a style. However ultimately Schapiro believed:
But the style is, above all, a system of forms with a quality and a meaningful
expression through which the personality of the artist and the broad outlook of a
group are visible
5.1.1 Style in Design Literature
5.1.1.1 Origins of a Style
Understanding how and why styles evolve is always a topic of interest in any discussion of
a style. The culture in which a style formed helps shape it and the style in turn can help
shape the culture. The process in which this happens was studied in detail by Martindale [72].
He describes it as a form of evolution, where the driving factor is to prevent boredom in the
population. He argues that ‘Only in the context of such a theory can we understand either
Bach’s or Cage’s work’, he refers to music where John Cage is the composer of 4’33”, 4 minutes
and 33 seconds of silence. He argues that the distinct styles perceived by history are created
when there needs to be a large cultural shift for the desired novelty to be achieved, as Ackerman
says: ’For when change is not prompted by inventiveness it is prompted by boredom’.
In his thesis Saunders [86] modelled the impact of a society on a creative process. He used
separate agents, each with an idea of what is novel. The interaction of these agents models the
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desire for novelty that Martindale described by having a memory of what has been experienced
before and rejecting anything similar in favour of something new.
But if the change of styles is an evolutionary process then this implies that the designer is a
random mutator of styles, but designers do not produce the next generation of styles randomly,
they respond to feelings within the society and display these through the resulting products.
In turn the designer may form ideologies that they wish to impart on the society, thus making
design a political act [99]. Baker [2] discusses this further: ‘These pieces also reflect our social
history as styles of a particular age evolve from the society that engendered them - sometimes
as the development from a preceding era and sometimes as a reaction against it. Modernism,
for example, is the antithesis of Art Nouveau’.
Another element that can be a driving force in the evolution of design is the development of
new materials and manufacturing techniques. As these become available to the designer they
can try new forms that would have been impossible with the old materials, thus creating new
forms and styles.
Styles can also be associated with a particular individual, Chan [14] [12] looked at some of
the individual origins of a style. These included personal preferences for a particular feature
or features as well as a repeated design method, which will lead to similar solutions to similar
problems. In a similar way a certain material can lead to a style feature as it may naturally
lend itself to certain forms and so when a similar task is required (such as the design of a chair)
the solutions using that material may look very similar.
5.1.1.2 Styles in 20th Century Design
20th Century design gives a rich variety of design styles which have been well documented and
studied. Although distinct styles have existed at all periods in history the rapid development
of new materials and the rise of consumer culture allowed a much faster progression of changes
in taste. Many of the chairs that were used in the development of the ChairMaker (shown in
chapter 1) are classic examples of these 20th century styles.
It is worth noting that many of the names and categories were actually created after the period.
The name ‘Art Deco’ for instance was coined in the 1960s while the style itself was popular in
the 1920s and 30s [98]. This is also reflected in contemporary sources. In ‘Modern Furniture
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Classics’ [2], published in 2000, the style they associate with the 1970s is Pop (also around in
the 1960s) while the 1980s is Postmodernism. In contrast, in ‘Twentieth Century Furniture’
[38], published in 1980, they focus on the craft revival in the 1970s and an Industrial style in
the 1980s. Obviously in 1980 they could not know what style would ultimately define that
decade but it is interesting to see how we have picked out Pop and Postmodernism as the styles
that fit into our 21st century narrative of design, with the craft revival merely a note about
increasing environmental awareness [2].
5.1.1.3 Case Studies
To explore how we communicate style we present a series of case studies of 20th century designs,
along with captions describing their styles. The images and text are from the V&A website.
Arts and Crafts/Art Nouveau - Argyle Chair by Charles Rennie Mackintosh
Figure 5.1: Argyle Chair by
Charles Rennie Mackintosh
Many of Mackintosh’s designs for the Argyle Street Tea Rooms
had their roots in traditional furniture types - ladder-back chairs,
deep settees, wing chairs. Although high-back chairs were fash-
ionable around 1900, there is no obvious historical precedent for
this particular design. High backed stained oak chair with drop-in
seat. The top rail is in the form of an oval splat pierced with a
crescent shape suggestive of a bird in flight. The splat pierces the
uprights of the chair, which are themselves shaped from oblong
at their base to circular section at the top. The back of the chair
is attenuated so the top rail is above the head of the sitter. The
elongated back uprights, continuous with the back legs, together
with the long back splats that extend below the seat rail to the low
stretcher, accentuate the height of the chair.1
The description of this chair begins with context from the time, describing existing chairs and
fashions, although it goes on to state ‘there is no obvious historical precedent for this particular
design’. The description continues by focussing on the features, describing the high back, the
oval splat, bird in flight motif and elongated back uprights.
1http://collections.vam.ac.uk/item/O11281/chair-mackintosh-charles-rennie
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Arts and Crafts/Modernism - Dining chair by Frank Lloyd Wright
Figure 5.2: Dining chair by
Frank Lloyd Wright
This chair is one of a set of six. Frank Lloyd Wright (1867-
1949) designed them for the dining room of the Ward Willits
House, Highland Park, Illinois, USA. When all six were placed
around the dining table, their tall, screen-like backs formed a sec-
ond space within the room. Wright often used furniture in this
way to redefine and change interior spaces. The simplicity and
solidity of this chair’s form are typical of furniture in the Arts
and Crafts style, with its respect for tradition. But while British
designers shunned modern power tools and other industrial ma-
chinery, Wright embraced machine production, which is reflected
in the clean, straight lines and smooth surfaces of this chair.2
In contrast to the Mackintosh piece this one uses emotive words
rather than specific features. Words such as ‘simplicity’, ‘solidity’, ‘clean’ and ‘smooth’ clearly
reflect the style without defining any specific features. It also references the mode of manufac-
ture (or apparent manufacture as it was actually handmade) to highlight those words that we
would associate with machine manufacturing, e.g. clean and smooth.
Modernism - Wassily Chair by Marcel Lajos Breuer
This chair - the first to be made of tubular steel - is regarded by many as the most important
piece of furniture of the twentieth century. The metal frame was inspired by the frame of Marcel
Breuer’s bicycle, and he designed it while he was a Master at the Bauhaus. The steel frame
appears to outline a cube, into which the seat and back have been inserted at an angle. There is
no solidity to the chair and the seat, back and arms are simply lengths of cotton canvas stretched
between the metal frame. The intersecting lines and planes that make up the chair achieve one
of the most-sought after characteristics of the Modern interior: visual transparency. It also
visually represented the idea and image of the machine, and of mass-production, although in
reality most tubular steel chairs were made by hand in small batches.3
This description uses a combination of the previous methods; context, feature based and emotive
2http://collections.vam.ac.uk/item/O34059/dining-chair-chair-wright-frank-lloyd
3http://collections.vam.ac.uk/item/O114197/club-chair-model-b3-wassily
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keywords. When describing the canvas seat and back it uses the word ‘simply’ to express the
effect this gives. The use of the words ‘cube’ and ‘angle’ in the description of the frame adds to
the man–made, machine–like feel. The relation to the machine is also used, using the reader’s
knowledge of machines to invoke an image.
5.2 Formal Definitions
Figure 5.3: Wassily Chair by Marcel Breuer
We have seen how descriptions of features and
emotive keywords can be used to discuss the
style of a chair. Here we look at how these
methods have been formalised in the litera-
ture.
5.2.1 Keywords and Meaning
The keyword based definition of style has
been very popular in previous literature. This
method uses words that summarise a trait
that the object may contain (e.g. ‘Geometric’,
‘Functional’, ‘Warm’, ‘Grand’). These can ei-
ther be physical as in the case of ‘Geometric’
or emotional as with ‘Grand’. Usually these
are considered in pairs of opposing words with a value given for every pair indicating which
word is more appropriate for the style [17] although others use a single word with the value
indicating how much that word applies to the object [50].
The word pair method is based on the work of Dondis [29] who collected dozens of word pairs ap-
propriate to classifying graphic design which he refers to as techniques. These include Balance–
Instability, Symmetry–Asymmetry, Regularity–Irregularity, Simplicity–Complexity and Unity–
Fragmentation among many others. However when discussing specific styles he only uses some
of the words and when a style is defined as having that quality it is not given an additional
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value. For example he defines the Classical style as using the techniques ‘Harmony’, ‘Simplic-
ity’, ‘Representation’, ‘Symmetry’, ‘Conventionality’, ‘Organisation’, ‘Dimensionality’, ‘Consis-
tency’ ‘Passivity’ and ‘Unity’.
Within product design styles, Chen [17] used this method to find a style profile for Bauhaus (a
form of Modernism) and Memphis (a form of Postmodernism), as well as profiles for specific
companies (Braun and Krups). These profiles took the form of zig-zag lines indicating the value
of each word pair, with 5 ranks between them. These pairs were classified into 6 groups; form
elements, joining relationships, detail treatments, materials, colour treatments and textures.
They include pairs such as Harmonious - Contrasting, Balanced - Unstable and Hard - Soft.
The method gave a very visual comparison between styles but it was not made clear who created
the profiles or what range of products was used to determine them. His later work [19] improved
this by using questionnaires to gain further information about each style from a group of 65
volunteers. In general these did support his earlier assumptions but it also revealed that many
of the characteristics could divide opinions. For example, his test of Memphis scored highly in
‘pure’ for some objects or volunteers, but it scored high for ‘impure’ for others. Whether this
was due to confusion over the meaning or actual variation in the products was not clear.
Interpretation of the user is a potential problem with this method. This was highlighted further
in the work of Hsu et al [53] who studied designer’s and user’s opinions of telephones using the
word pair methods. They found that the users were often confused by some of the terms. In
addition they found that they also had very different opinions to the designers about an object.
This difference may affect where data in this project could come from. If we are looking at
a style then it is reasonable to gather data from expert sources as styles are defined by these
experts, but if the experiment will be based on the feelings of products then the opinions of
users may be appropriate.
Keywords are a popular way of studying products as they allow easy comparisons. These can
be perceptual [53], national [25] or as we are interested in, stylistic [18] [42]. However their
reliance on individual opinions that may have very different interpretations of the meaning of
the keywords can cause problems. There is also a potential problem with word pairs; these polar
opposite word pairs can be confusing if they are not applicable to the object or the object uses
contrasting ideas. For example in ‘Fifty Chairs that Changed the World’ [34] the Sitzmaschine
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Figure 5.4: Sitzmaschine by Josef Hoffmann
by Josef Hoffmann (shown in figure 5.44) has the following description:
With its streamlined form made up of sweeping bent-beechwood curves and sycamore
panels pierced with geometric grids of square and rectangular apertures, the Sitz-
maschine’s aesthetic echoes the movements of a belt-driven engine.
Here we could not choose between Biomorphic - Geometric, but giving a mid-ranged value
could be interpreted as the style is midway rather than a clear use of the polar opposites as
an effect. Chen’s method does include the word pair Harmonious - Contrasting which could be
used to describe this phenomenon but if contrasting elements are used as part of a harmonious
whole this to can be ambiguous.
5.2.2 Features
Chan [12] undertook a series of experiments, the first of which took a sample of psychology
students and asked them to group a set of 33 images of buildings into style groups. As they
were not architecturally trained and were not given any definitions to follow it was assumed
that they would categorise them based only on the features they saw and not using any prior
4http://www.design-museum.de/en/collection/100-masterpieces/detailseiten/sitzmaschine-josef-
hoffmann.html
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Figure 5.5: Two chairs by Ray and Charles Eames
knowledge. They were not told the features that Chan had identified (the type of features used
were things like roof type, window type, surface finish etc). Their chosen categories had a good
correlation with the number of common features (e.g. a high number of common features were
more likely to be in the same category).
Features have the benefit of being much more identifiable than the keyword traits. A building
either has a certain type of roof or it doesn’t. However they do not lend themselves well to
comparison between different types of objects as there may be very few or even no common
features. However the two styles may have a relationship that may be detectable by a more
emotional assessment of the pieces. For example the two images in figure 5.5 have arguably no
features in common, however they were actually both designed by Ray and Charles Eames.5,6
This may have been picked up by keywords such as ‘curved’, ‘functional’, ‘modern’ etc.
5.2.3 Measurement
One of the continuing problems is how style can be scientifically measured; how can we give a
similarity distance between two objects, or define how ‘modernist’ (for example) something is.
Chan [12] was one of the first to try and define some of these using a feature based definition. For
example he looked at the threshold at which we can perceive a certain style and the ‘degree’ of
an object. In addition to the definition work described in the previous section Chan undertook
3 further experiments that looked at when a style could be recognised, given a certain number
of features. He also looked at the effect of distorting and rearranging features. His results
5collections.vam.ac.uk/item/O119275/model-dkr-2-chair-eames-charles/
6collections.vam.ac.uk/item/O144157/lcw1-low-chair-eames-charles/
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indicate that the number of features is proportional to how similar people consider two designs
and the cut off number of features is 3, below this a style can only be recognised 5% of the
time. At 6 features there was a 100% recognition rate. The rate at which the distortion of a
feature made it unrecognisable was different between features, but again in general, a smaller
distortion would make it more recognisable. Rearranging the features, thus effectively making
them a different feature, had a large impact. His testers were a group of psychology students
and an expert in Architectural History. Chan also noted that a strong feature made a style
more perceptible and reduced the number of features required [13].
The problem of distance in similarity was studied in depth by Tversky [95]. He suggests that
similarity does not follow the mathematical metric distance function. He argues that it violates
symmetry (δ(a, b) = δ(b, a)) because we describe similarities in a directional manner, e.g. ‘We
say “the portrait resembles the person” rather than “the person resembles the portrait”.’ This
indicates some kind of hierarchy in our understanding.
He also argues that it violates the triangle inequality (δ(a, b) + δ(b, c) ≥ δ(a, c)) as you could
say ‘Jamaica is similar to Cuba (because of geographical proximity); Cuba is similar to Russia
(because of their political affinity); but Jamaica and Russia are not similar at all’ (note: This
was published in 1977). He uses this argument to introduce a feature based method of similarity;
defining the similarity s(a, b) as a function of the set of features common to A and B, those
unique to A and those unique to B.
Other researchers disagree with his findings, Chen [17] uses the Euclidean metric to measure
overall difference between 2 styles in his keyword definition. However it can be argued that as
all the dimensions are style based you are unlikely to end up with a Jamaica-Cuba-Russia type
violation. If you allowed other factors in you could end up with this problem, for example a
piece of art nouveau jewellery would be similar to an art nouveau chair which is similar to a
modernist chair. But the jewellery and the modernist chair have no similarity. It is likely that
to avoid violations you have to restrict the quantity of information you use.
5.2.4 Automated Style Analysis
Most of the methods to study have required human input, this is likely due to the difficulty
in identifying a feature (e.g. ‘protruded small units with single pitch roof’[12]) or defining a
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trait (e.g. ‘Warm’ [17]). However there have been some attempts to automate the classification
using machine learning, although even here they are often previously analysed by an expert.
Lorensuhewa et al [68] [69] [70] classified furniture styles using expert literature on the subject
(obviously removing defining information such as the style names). A variety of machine learn-
ing methods were used, including decision trees and Bayesian networks, which could classify
the styles up to 75% accuracy. They also trained Bayesian networks based on features, this
gave a similar accuracy (73%).
Architectural floor plans have proven to be an accessible representation for automated study.
Jupp and Gero [58] used unsupervised Self Organising Maps (SOM) to recognise different
architect’s work based on geometric features extracted from their designs. Hanna [46] also
studied floor plans using a graphical representation.
5.2.5 Studying Shape
A study of shape could be useful in the analysis of design. Cha and Gero [10] [11] look
at different ‘formative ideas’ of shape that contribute to style. These include Linear (placing
similar objects side by side), Additive (adding smaller versions on to the existing shape), Central
(objects placed rotationally), Nesting, Grids and Bending. At their core all these are formed
by the 4 basic transforms: Translation, Rotation, Reflection and Scale. They show how if a
pattern of these instructions is followed you get a similar shape even if the original shapes are
different. They used these transforms as rules in the description of styles of building elevations.
Relating the mathematical meaning of shape to the designer’s understanding has been looked
at by Fontana et al [33]. These were based on CAD (computer aided design) functions. They
attempted to categorise certain functions with regard to how a designer may speak of them e.g.
a deformation out is a bump and a deformation in would be called a cavity, although if they
were linear they could be a rib or a groove. Podehl [79] specifically looked at curves, discussing
effects such as Soft/Crisp, Tension, Acceleration and Lead-in. Giannini [41] discusses how these
traits can be used to evoke emotions, for example an accelerating curve (one that curves more
sharply at one edge than the other) can give the impression of movement or speed.
113
5.2.6 Gaps in the Definitions
If we look at the descriptions of chairs within the case studies we see three main methods of
description. The first describes the physical features, these have been studied in detail by Chan.
They can also be described by emotions and other abstract features such as was discussed by
Chen, Hsaio and others. Finally we have references to other objects and styles, using these
to place the design in its place in history. The first two have proven success in the literature
but are not without their issues. Both require an expert to identify a complete set of either
keywords or features that can be used across all styles that are of interest. Neither are useful
for automatic classification and rely instead on testers that can understand the desired meaning
of the keywords or the definition of a feature.
Once the feature or keyword list has been compiled and the objects of interest categorised
we are still left with the problem of measuring the difference. As Chan [13] discovered, some
features are more important than others and so just counting the keyword/feature differences
may not accurately reflect the similarity between 2 objects.
We are fortunate in our approach that we know the parameters that created each chair. We also
have groups of parameter constraints we call schemata, that are used to define viable chairs.
Using these as our features in feature-based similarity ensures that we have a comprehensive
set. In this work we validate that these can be used as features and find which schemata have
a high impact on visual similarity.
Then there is the use of context in the descriptions. It is an important part of our understanding,
according to the quote at the beginning of this chapter, a style is ‘As a way of characterising
relationships among works of art that were made at the same time and/or place, or by the same
person or group’ [1] but as of yet has not been extensively explored in the context of defining
styles in generative design. This may be due to the fact that it requires expert knowledge, or
may simply be that any designs generated by a computer have no design context other than
during the development of their program.
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(a) (b) (c) (d)
Figure 5.6: The 3 chairs on the right all have a step change of 1 from the chair on the left. Chairs
(a) and (b) have back colour 41 with (c) and (d) having 40 and 42 respectively. Chair (b) has
a back height of 1.1, while the others have 1.0. We can see how (b) is almost indistinguishable
from (a), while (c) and (d) have an obvious difference.
Figure 5.7: These chairs have range of values for the back height parameter from 1.0 to 2.0.
Each new chair represents a single step change of 0.1 from the one preceding it.
5.3 Similarity in the ChairMaker Chairs
5.3.1 Parameters and Scaling
As the ChairMaker chairs have a parametric structure it is logical to begin any measure of
similarity with the difference between the parameter values. However the parameter structure
makes this extremely difficult as we cannot directly compare the impact of different parameters.
For example we see in figure 5.6 that a single step change (i.e. the smallest change that can be
made) in a parameter can have a very different impact depending on the parameter. We see
that the increase in back height has very little impact (between (a) and (b)), while a change in
material has a much larger impact (between (a), (c) and (d)). Even within a single parameter
the impact can vary, with the change to a metal finish arguably having a greater impact than
the change in the type of wood.
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If you consider the chairs in figure 5.7 you can see the effect of continuing to increase the back
height parameter, with a very noticeable difference between the first and last but very little
difference between neighbours. To be able to find a good similarity metric between back height
and seat colour we would need to be able to define how many step changes on the back height
parameter was equivalent to changing the seat colour and scale the parameter distances to fit.
This is assuming that a single step change in the seat colour is always equivalent to the same
number of step changes in back height.
5.3.2 Schemata
The schemata used in the construction of the chairs provide an alternative measure of distance.
We can look at the number of schemata shared between two chairs to find an indication of their
similarity. Schemata group together parameters that affect the same property of a chair, if a
number of parameters are changed together in one area of the chair it is likely to have a large
visual impact. One advantage of schemata over parameters is that they are all discrete and
therefore can be compared using the same method.
We have seen previously in figure 4.9 that using the same schemata for all 17 properties produces
a set of chairs with obvious similarity. We will look at how this set can be expanded by changing
some of the schemata while maintaining the group’s similarity.
5.3.3 Relative Similarity
To be able to find the relative importances of difference parameters and schema we were required
to collect data on the perceived style of the designs. An initial experiment had shown that the
use of keywords to define similarity had severe drawbacks. Testers found the experimental
process to be boring and many struggled with the definitions of the keywords. An obvious
example was the use of the word ‘organic’, which is used by designers to describe fluid forms,
often in modern materials and bold colours, but it was interpreted by many of the testers as
meaning ‘natural’ and was therefore applied to designs that used neutral colours and wooden
finishes.
It was decided that, rather than relating our designs to existing styles and the language used
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(a) (b) (c) (d) (e)
Figure 5.8: Chairs in the similarity data set
to describe them, it would be more appropriate to try and find a notion of relative similarity.
That is, is chair A more similar to chair B or chair C, and therefore what parameters or schema
are shared between close neighbours.
To construct this data set we needed to know the nearest neighbours of every chair in the set
and construct a similarity network, by joining similar chairs together. We could then predict
the relationship of less similar chairs by finding the shortest paths through this network. Thus
if A is similar to B and B is similar to C we assume that A will be similar to C but at twice
the distance.
It is possible that this method would over-predict similarities. For example, in figure 5.8 we
can see that (a) could be considered similar to (b) as they have a similar back structure and
(b) could be considered similar (c) as they have the same colouring and leg structure. But the
similarity between (a) and (c) is limited to the leg colour. However we reduce this problem
by limiting the number of nearest neighbours and maintaining a large data set. Thus in this
example (a) is unlikely to be directly linked to (b) as its nearest neighbours would be restricted
to designs such as (d) and (e). (a) and (c) would be connected but the distance would be much
greater.
5.3.4 Data Collection
However we measure difference in the chairs we are still left with the problem that the visual
impact of a single change may not be the same for each parameter or schema. We therefore
collect data on the similarity of chairs from volunteers. Initial trials were undertaken with 100
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(a) 21 neighbours (b) 18 matching neighbours (c) 10 matching neighbours
Figure 5.9: (a) shows how we construct the graph of similar chairs when only some of the
matched pairs are known, the schemata are not used to construct the graph. (b) and (c) show
sorted and randomly distributed schemata, we see that the number of matching neighbours
in the sorted graph is higher than in the random graph. We would expect the number of
matching neighbours to be around half of the total neighbours in any shuﬄed permutation of
the chairs, therefore the importance value for (b) would be around 1.8 and (c) around 1.0 after
normalisation.
chairs. These were manually compared to all other chairs in the set and for each chair a list
was compiled of the similar chairs in the set. This was done independently on two separate sets
of chairs by the author and a design professional, with roughly 1-4 similar matches found per
chair.
To find the relative importance of each property we construct a graph such as the one shown
in figure 5.9a, connecting the chairs chosen as similar together. If the schema choice for that
property is visually important we would expect the similar chairs to be clustered together (figure
5.9b). If not we would expect a more random distribution (figure 5.9c). We count the number
of vertices connecting chairs with the same schema to find the score for each property. We
divide this number by the average equivalent score for the same graph with the chairs shuﬄed
randomly. This normalises the results so the number of possible schemata in a property does
not affect the score. We shuﬄe the same chairs so if one schema dominates the set this is also
accounted for.
The results were good with a strong correlation between the two tests as we see in figure
5.10. However the method was extremely time consuming (both testers took several hours to
complete it) and therefore it was not suitable for wider collection of data.
To reduce the number of comparisons required, and therefore the time taken, we took the
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Figure 5.10: The results of the 2 manually sorted tests. A score of 1 is a random chance of
neighbouring chairs sharing a schema, higher than this indicates that that property is clustered.
following steps: First we only presented a subset to each person. Second, we present 5 chairs at
a time, 1 to be matched and 4 potential matches. The tester can then choose a matching chair
or the option of no chairs matching. The possibility of 2 chairs matching equally was considered
unlikely and an acceptable compromise. Third, we make the assumption that if A is similar to
B and B is similar to C then A is likely to be similar to C. This affects the chairs shown in
the comparison. If we have found A and B to be similar and A to be dissimilar to C then we
would not present C in comparison to B, reducing the number of comparisons required. We
also use this to infer the results of a comparison that is not undertaken, reducing the number
required (as shown in figure 5.9a). These assumptions allow the wider collection of data and
have limited impact on the results.
An example of the interface is shown in figure 5.11, the volunteer would chose the chair from
the 4 on the right that they felt was most similar to the one on the left. If they felt none of
the chairs were suitably similar they could chose the button in the bottom right. All chairs
started with a similarity score of 0 from each other. Choosing a chair as similar increased the
score between that chair and the left hand chair by 1. Not choosing a chair, either by selecting
another or choosing the button, decreased the score by 1. All chair pairs with a positive score
at the end were considered similar.
A total of 14 people took the test; some with design training and some without. Each had a
unique subset of 50 chairs drawn from a full set of 500 that had been created using the schema
method. These subsets overlapped and in total we gathered similarity data for 482 chairs. The
testers were asked to do as many comparisons as possible but to stop when they became tired
or bored. On average the testers did 180 comparisons with the lowest being 59 and the highest,
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Figure 5.11: Example view of the test interface
Figure 5.12: Significant properties for each tester, shown against the combined result, the mean
of the results and a random result produced by always choosing the top right chair
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Figure 5.13: Impact of Number of Comparisons on Correlation. Notice that for under 200
comparisons the correlation between the individual result and the combined or mean can be
anywhere between 0.55 and >0.95. These are all strongly positive, however above 300 com-
parisons all of the correlations are above 0.85. This suggests that some of the variation in the
individual results can be caused by insufficient comparisons.
350. The significant properties were found for each person, as well as finding the significant
properties for the set of 482 with the combined comparisons of all of the testers. We show the
results for each individual tester along with the results for the combined set in figure 5.12. We
also show the mean of all the individuals to show that the testers that did more comparisons
did not overly influence the combined set, as well as a random result to show the curve is not
a product of the analysis process.
We find Pearson’s correlation for all of the individual results against both the mean and the
combined results and all are found to be clearly positive. We show these in figure 5.13, where
they are plotted against the number of comparisons. It is observed that correlations lower than
0.85 were only seen when the number of comparisons was lower than 200. As this holds for
both the mean (where the individuals have equal weight) and combined scores (where those
who did more comparisons have a higher impact) we believe that less than 200 comparisons was
not entirely sufficient to find the opinion of the volunteer, and continuing to do comparisons
would converge to very similar results for all our volunteers.
To further test the effect of more comparisons we asked one of our testers to repeat the ex-
periment. The number of comparisons was increased from 59 to 712. The correlation with the
combined score increased from 0.68 to 0.97 and the correlation with the mean increased from
0.71 to 0.90. We therefore conclude that the combined results (and the mean) are represen-
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Figure 5.14: Weights used in the similarity measure. Values were found as in figure 5.12,
deducting 1 so that a randomly distributed property would have a weight of 0. The weights
are normalised to give an average 1.
tative of all our testers and increasing the number of testers or number of comparisons will
not noticeably affect the results. This degree of correlation is extremely good considering the
subjective nature of the experiment.
The highest peaks in the combined set (seen in the weights in figure 5.14), and therefore the
most visually significant properties, are numbers 11 and 13. These are ‘Connection between
Legs and Seat’ and ‘Proportions’. The peaks indicate that moving from one schema to another
in this property has a high visual impact. For example the ‘Connection between Legs and Seat’
will have different schemata for different types of legs and many testers commented that this
was an important factor. It is important to note that this result does not make these design
problems special and it does not validate our aesthetic proportion test.
Other smaller peaks are seen for properties 2, 4, 6, 10, 15, 16 and 17 (see table 2.1 for details).
Overall it was noticed that the significant properties were those that affected the back and legs.
5.4 New Measure of Similarity
We use the results of the testing to find a new measure of similarity. We use the combined result
of all the testers and find the values as before, these are then rescaled to produce the weights
shown in figure 5.14. We weight the differences in schema for each property, so that different
schemata in a significant property increases the dissimilarity value by more than a difference
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Figure 5.15: Distance between chairs from the chair at the origin given by equally weighted
properties (y axis) and those that have been weighted with our results (x axis). Notice the
chair in the top right. With the original measure it was considered equally similar to the chair
at the origin as others along the top. However we can see clear differences in the shape of the
seat and legs, our new measure gives it a high distance to reflect this.
in an insignificant property. We show how this affects the measure in figure 5.15. Here we have
an example chair shown at the origin. Other chairs from the set are then placed at a distance
away from the origin, with their y position showing their distance from the original chair with
equally weighted differences for each property and their x position given by the new weighted
measure. We invite the reader to consider whether distance on the y axis (original measure) or
the x axis (new measure) more accurately reflects the similarity between the two chairs.
5.4.1 Generating Similar Chairs
Using our new measure we are able to create new chairs that are similar to a chosen design.
As well as generating multiple chairs from one schema set we can also swap the insignificant
schema for others and expand our potential range.
To choose the parameters in which to swap schema we create a matrix of random numbers; a set
of 17 random numbers for each new chair we want to make. Most of these random numbers are
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Figure 5.16: Similar chairs with schema differences. Original chairs are shown on the left.
close to zero but we also introduce a few higher numbers. This is then normalised for each chair
and scaled to our chosen similarity radius. A schema is swapped for a property if the random
number for that property is higher than the significance. The effect of the few high random
numbers and the normalising is that a chair will either have changes to multiple insignificant
properties or a single change to one property - which could be one of the significant properties.
Examples of the resulting chairs can be seen in figure 5.16.
5.5 Conclusion
In this chapter some of the current approaches to defining a style have been discussed. We have
contributed to this field by finding a measure of visual similarity between chairs produced by our
method. Of particular interest is the indication of strong correlations in the subjective opinions
of our test subjects, suggesting that individuals look for the same factors when comparing
designs. This is an important observation in the study of automated style analysis as consistent
results indicates that there is something that can be found and replicated.
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The study was done on parametric chairs, however the method groups together associated
parameters and such a group defines a feature that could be found in chairs not made with the
method such as a certain leg type or back. Unlike previous methods we have automatically
derived our features and we do not rely on expert knowledge.
This work has focused on chair designs and the schemata used are from data sets that correspond
to chair properties (such as comfort and stability). Some of these may be applicable to other
designs, for example stability and colour could be applied to other items of furniture. Further
work could be undertaken to see if these have a similar importance in the visual similarity
between different items of furniture.
The method has some limitations, notably the chosen properties. These properties were chosen
to reflect the brief of a dining chair, other data sets were also found but discarded when they
had limited effect on the creation of viable chairs. However important visual parameters may
not be included in any of the properties and may remain unconstrained.
Visual similarity has an important part to play in the definition of styles, and groups of visually
similar chairs could be considered as a style. However this method does not allow for the
contextual factors such as the designer, country or historical context. These provide links
between objects within a style that we cannot see in the finished chair.
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Chapter 6
Discussion and Future Work
6.1 Summary
This thesis has described a project that represents one of the most complete examples of
automated design to date. As well as presenting new approaches to various problems in the
field it also demonstrates that previous work done by other researchers in simple case studies
can be extended to complex models. In particular the thesis looks at the use of machine learning
in the field, using it to support an existing generative algorithm (evolutionary design) as well
as showing that machine learning can be used directly to guide the development of new designs
by locating viable regions of the design space, in the form of our schema method.
The development of this schema method is the main original contribution of this work. Previous
generative algorithms have either assumed an unknown design space, using search algorithms
to explore it (such as in the case of evolutionary design), or they have required human input to
develop the design rules (shape grammars). By automating the extraction of rules we maintain
the diversity of the full design space (which may be lost with human derived rules), this means
that designs can be found that are surprising and novel. By removing the search element of
the generative process the schema method remains robust for multi-objective problems.
In this work, in particular in chapter 5, we have used the schemata themselves to describe the
space. However it is worth noting that while the schemata provide an understandable way to
interpret the space (creating rules such as ‘wooden legs need to be thick’ and ‘metal legs should
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be thin’) the set of schemata used here is not unique or special. These schemata are an artefact
of the trained trees and trees trained with different algorithms may produce different results. It
is the viable regions that they describe as a whole that is important for the method and design
process.
In order to test these algorithms a lot of preliminary work was required to create a suitable
parametric model and sufficient data to learn. The development of the ChairMaker and the
ergonomic simulations represent a substantial body of work and stand alone from the generative
algorithms as a method to visualise and test chair designs. The ChairMaker contributes to the
field by presenting an advanced parametric design program that can build complex original
designs without use of existing models. The ergonomic model contributes by demonstrating
that simplified ergonomic modelling can be used to produce large volumes of data in applications
where high accuracy is not required.
Finally the work on visual similarity provides an interesting insight into how people perceive
the resulting chair designs. The topic of style is complex and subjective, as such our work
here is only a small contribution to the wider field. However, observations such as the types
of parameters that were affected by the important schema may provide useful information,
especially considering the high correlation observed in our volunteers. This may help direct
future work on visual similarity.
6.2 Contributions
The primary contribution of this work is the schema method. It allows the discovery of large sets
of suitable designs for different properties. In particular the method of overlapping schemata
to find the intersecting areas of designs is novel. In this application it has proven to be flexible
and robust and it is anticipated that it would be easily adaptable for other design problems.
By learning the schemata separately for each property and combining them at the end of the
method we move the design exploration from the parameter space into the property space.
This means that the set of potential designs is larger than in existing methods, where the
set may only contain a single optimal solution or the pareto front. The method does not
require full knowledge of the optimal solution in advance and as such allows the consideration
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of designs that may otherwise have been excluded. These designs may have properties that are
not measured in the generative process, such as personal preference for a particular style.
An interesting secondary contribution is the implications of the work in chapter 5. The question
asked here was one of similarity - does one chair look like another. This is separate from
questions of taste or preference. While the similarity measure produced is specific to this
work, the consistency of the results is valuable to those who seek to reproduce human aesthetic
judgement as it shows that, while people may have different opinions about what they are
seeing, they are seeing the same thing. This gives us a basis from which we can begin modelling
aesthetics.
6.3 Future Work
Future work could be undertaken to improve the quality of the existing output, or to investigate
the possibility of extending the methods used to other applications.
The most obvious way to improve the quality of the chairs currently produced by the model is
to develop new, larger data sets that more accurately reflect the chair properties. This would be
particularly important if the chairs are going to be built for physical use. An example could be
an improved stability measure, using physical modelling to determine if a chair would tip over.
Likewise the accuracy of the ergonomic model could be further improved, possibly using the
finite element method used by other researchers. Experiments could be carried out to ensure
that any additional data set makes a useful contribution to the viability or has a high impact
on visual similarity without loss of diversity.
To improve the aesthetic traits it could be advantageous to collect a data set of people’s
opinions of chairs. The number of chairs required was prohibitively large for this work but
machine learning may be able to find desirable traits that have not been identified thus far.
Further work could be done to develop the chairs as a finished product. This might be digital
- requiring further developments to the ChairMaker program to increase the realism of the
finished models. These could then be used to populate digital environments such as games.
Alternatively work could be done to produce the chairs as a physical product. This would
require further detail on the assembly and manufacture that is not currently part of the model.
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In addition to chairs this work could be expanded to other products. In the case of other
furniture (such as tables) it may be possible to associate generating parameters (such as leg
type or material) and data sets (such as stability). By finding this relationship it may be
possible to expand the measure of visual similarity to other furniture, creating the possibility
of designing a matching set. This may help us to further study the notion of style.
We also wish to carry out further work on the schema method, to determine other applications
of this generative algorithm. Applications could be found anywhere there is a multi-objective
generative problem with a data set suitable for decision trees.
Additionally the algorithm itself could be extended. Possible areas of development could be
finding ways of biasing the choice of schema or extending the algorithm to work with regression
trees. This could allow it to be applied to multi-objective optimisation problems. If the results
given here hold for other problems then this method could provide a more stable alternative to
current methods such as evolutionary algorithms.
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Appendix A
Chair Grammer Development
During early development of the ChairMaker a grammar structure was considered. Although
this method was not used in the final version it is included here for completeness. The grammar
rules were created manually from a data set collected from Ikea1 in a similar manner to the
paper by Lau et al [65] and were incorporated into a program.
This grammar was applied to a graphical representation of the chairs, allowing new chair graphs
to be constructed randomly from the rules. This produced results such as the one in figure
A.1. The nodes of the graphs are considered ‘potential’ when they have a capital letter and
‘permanent’ when they have a small letter. A ‘*’ indicates a variable such as the position, e.g.
‘f’ indicates the front, ‘r’ the right etc. At each step the program identifies a node with a capital
letter and based on the other letters in the node it chooses one of several options to replace it.
1http://www.ikea.com
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Figure A.1: Chair Generation - Initial generation of a 4 leg type of chair with potential seat
supports (H*s1). First line shows the confirmation of the seat support bracing (H*s1 to h*s1).
Second line shows the generation of the cross bracing (h*g*). This produces a chair like the
illustration.
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Appendix B
Ergonomic Calculations
B.1 DINED DATA
We use the following values from the DINED 2004[27] data set of Dutch adults, figure B.1
shows where the measures were taken and table B.1 give the values. Some of these required
adaptation as we need slightly different measurements in order to calculate the dimensions of
our model. These adaptations and the assumptions that allowed us to find them are given in
table B.2.
B.2 Calculation of Dimensions used in Model
We use the DINED values to find the dimensions of the body we will use to test the chairs. We
first find values of the measures by deciding on a test subject’s age, gender, weight and height.
Weight and height are initially given as Gaussian random numbers with mean 0 and standard
deviation 1. These are then used to influence other parameters, if the height is less than 0 then
all the limb lengths are likely to be lower than average for the age and gender. If the weight
is greater than 0 then parameters such as mass and waist circumference will be greater than
average. A list of which parameters are affected by the height and weight values is given in
table B.3. These were chosen to represent which dimensions are derived from a measure, they
were then adjusted if too much (or little) variance was observed at certain points. For example
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Figure B.1: Location of DINED Measures
the values used to generate the head size have very little individual variance as skull size does
not vary as much as other dimensions.
Once we have all the measures for a test subject we then find the dimensions for constructing
the model. The calculations used to find these dimensions is given in table B.4.
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Table B.1: DINED Values (in mm unless otherwise stated)
Label Measure 20–30 F 20–30 M 31–60 F 31–60 M 60+ F 60+ M
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
MA Sitting Height 888 36 957 39 865 31 925 35 833 35 900 37
MB Eye Height Sitting 779 32 842 39 764 31 814 35 733 35 791 35
MC Shoulder Height Sitting 582 29 624 34 565 29 612 31 544 30 596 31
MD Popliteal Height 441 25 497 31 434 26 481 32 428 27 473 28
ME Buttock–Popliteal Depth 497 28 522 30 499 27 503 27 492 27 499 25
MF Buttock–Knee Depth 610 32 651 33 613 28 631 32 610 30 625 28
MG Breast Circumference 948 97 963 73 1013 119 1044 102 1130 135 1038 111
MH Hip Height Standing 952 47 1045 61 932 42 990 54 911 43 964 46
MI Neck Base Circumference 429 32 476 30 447 35 497 37 458 33 483 32
MJ Elbow Height Sitting 251 27 262 28 230 30 253 28 213 27 237 29
MK Elbow-Grip Length 325 19 364 20 321 15 352 21 318 18 347 18
ML Hand Thickness 25 3 28 2 27 5 29 3 27 5 29 3
MM Shoulder Breadth 422 23 470 25 424 28 461 24 413 23 448 21
MN Hip Breadth Sitting 402 27 388 29 414 31 397 26 410 34 398 24
MO Waist Circumference 790 110 858 80 863 130 949 108 970 138 958 117
MP Thigh Clearance 153 14 154 17 145 15 144 12 139 14 135 13
MQ Body Mass (kg) 66 9 80 14 70 11 82 12 69 10 8 9
144
Table B.2: Other Dimensions used based on DINED Data
Label Measure Mean SD Assumption
MR Chest Skeleton Depth
MG Mean
pi
− 3 · MG SD
pi
MG SD
10 · pi Chest is circular and that the ma-
jority of depth increase is due to
tissue on the front of the body
MS Neck Depth
MI Mean
pi
− 2 · MI SD
pi
MI SD
10 · pi Neck is circular and that the ma-
jority of depth increase is due to
tissue on the front of the body
MT Waist Height Sitting MJ Mean MJ SD Waist is level with the elbow
MU Waist Breadth
MO Mean
pi
MO SD
pi
Waist is circular
MV Hip Bone Breadth MN Mean − 3 ·MN SD MN SD
10
The majority of breadth increase
in the hips is due to tissue.
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Table B.3: Weights used for Height, Weight and Individual variation in dimension generation
Label Measure Individual Height Weight
MA Sitting Height 0.9 0.0 0.1
MB Eye Height Sitting 0.9 0.0 0.1
MC Shoulder Height Sitting 0.9 0.0 0.1
MD Popliteal Height 0.9 0.0 0.1
ME Buttock–Popliteal Depth 0.6 0.3 0.1
MF Buttock–Knee Depth 0.6 0.3 0.1
MH Hip Height Standing 0.8 0.0 0.2
MJ Elbow Height Sitting 0.8 0.0 0.2
MK Elbow-Grip Length 0.8 0.0 0.2
ML Hand Thickness 0.8 0.0 0.2
MM Shoulder Breadth 0.8 0.0 0.2
MN Hip Breadth Sitting 0.0 0.8 0.2
MP Thigh Clearance 0.0 0.8 0.2
MQ Body Mass 0.0 0.9 0.1
MR Chest Skeleton Depth 0.6 0.3 0.1
MS Neck Depth 0.0 0.8 0.2
MT Waist Height Sitting 0.8 0.0 0.2
MU Waist Breadth 0.0 0.8 0.2
MV Hip Bone Breadth 0.8 0.0 0.2
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Table B.4: Dimension Calculation
Label Dimension Calculation
Ln Neck Length MB −MC −Rhd +MR/2
Lt Torso Length MC −Rhp −MR/2
Lul Upper Leg Length MH − (MD +Rk)−Rhp
Lll Lower Leg Length MD +Rk
Rhd Head Radius MA −MB
Rs Shoulder Radius MS
Rhp Hip Radius (MP − P )/2
Rk Knee Radius (MF −ME)/2
Rf Foot Radius Rk
P Padding MN −MV
Lua Upper Arm Length MC −MJ − 30mm
Lla Lower Arm Length MK − 30mm
Re Shoulder Joint Radius 30mm
Re Elbow Radius 30mm
Rhn Hand Radius ML
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Appendix C
Schema Data
C.1 Colour Palettes
We used the images in figure C.1 to find the palettes for our experiments. These images were
found by using Google image search for the words ‘Autumn’ and ‘Winter’. They both appear
on numerous websites without citation and efforts to find the original photographers have not
been successful.
To chose a selection of matching texture from the image the main colours are sampled from
each image. This was done by rounding the RGB values (0-255) to the nearest 20. The 20 most
common rounded colours were found and the unrounded colours of these were sampled create
the palette. Textures were chosen for the palette if they contained any of the palette colours.
The colours and textures chosen are shown in figure C.2
Figure C.1: Photographs used to derive palettes
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Figure C.2: Colours and textures in each palette
C.1.1 Available Textures
This section shows the full range of textures, not all of these are in the palettes and so not all
would be used in a chair design. These could be used if further palettes were added. In figure
C.3 we have 36 fabric textures with a range of colours and shades along with 3 leather textures
in neutral colours. In figure C.4 we have 3 wooden textures in neutral colours, 1 metallic finish
and 8 coloured textures that are assumed to be plastic or plastic covered metal.
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Figure C.3: Upholstery Textures. Bottom three are leather textures, all others are textiles.
Figure C.4: Solid Structural Textures. Top (l-r): dark wood, pale wood, orange wood, metallic,
white and black metal/plastic. Bottom: Coloured metals/plastics.
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